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 ABSTRACT  

The genetic code carries instructions for the development and functioning of every biological 

organism. Variation in this code may cause mis-regulation of genes expression, affect cellular 

states, and ultimately lead to observable changes in organism-level traits. Genome Wide 

Association Studies (GWAS) have discovered thousands of significant statistical associations 

between single-nucleotide polymorphisms (SNPs) and disease/traits in human, however, 

functional interpretation of these associations remains challenging. To gain mechanistic insights 

into the relationship between genetic variations and their phenotypes, a comprehensive 

understanding of the gene regulatory architecture is the first and fundamental step. This 

dissertation addresses some of the challenges in unravelling the regulatory functions in non-coding 

regions and effects of genetic variations at the transcription level. I develop novel computational 

frameworks and statistical methods that complement experimental approaches, which combined 

together, aid the discovery of regulatory elements and functional disease variants, and improve the 

understanding of the genetic basis of diseases. In Chapter 1, using ATAC-seq and RNA-seq data 

of human neurons, I map cis-regulatory elements and investigate their interactions with 

transcription factors and target genes, deriving preliminary gene regulatory networks for autism 

risk genes. In Chapter 2, we outline a novel framework for integrating GWAS results with the 

allelic-imbalance open chromatin (ASoC) information captured by ATAC-seq. Leveraging ASoC 

in neurons, we prioritize putative causal non-coding SNP in schizophrenia GWAS. Data analysis 

of single-cell CRISPRi screen with RNA-seq readout further confirm the regulatory functions at 

six SNP loci and their corresponding target genes. However, due to the novelty of high-throughput 

single-cell CRISPR screen technologies, statistical methods for effective analysis and 

interpretation of such data are lacking. In Chapter 3, I develop a novel Bayesian factor analysis 



 x 

method that can detect from these perturbed expression data genes and gene modules impacted by 

the CRISPR perturbations. I apply this method to simulated and publicly available datasets. In 

addition to identifying biologically relevant gene modules, the method has better power to detect 

differentially expressed genes than alternative methods, shedding light on the regulatory basis 

underlying T cell activation and neuronal differentiation. 
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INTRODUCTION 

The genetic code carries instructions for the development and functioning of every biological 

organism. For humans, the genetic code lies in the human genome that consists of 3 billion DNA 

base pairs consisting of four nucleotides – A, T, C, G. Variation in this code may alter the 

expression of genes and other molecular intermediates, disrupt cellular processes, and ultimately 

lead to observable changes in human traits. Therefore, it is crucial to understand the functions of 

each part of the genetic code to our best ability, in order to unravel the effective genetic variants 

and their causal mechanisms for any disease or trait. 

The first effort to map the human genome was completed in 2003, revealing that, out of the 3 

billion base pairs, only < 2% are used to encode proteins (i.e. coding sequences), while the rest 

98% are non-coding sequences that are poorly understood[1]. Almost a decade later, more and 

more evidence suggests that these non-coding regions are rich in elements that precisely control 

the spatiotemporal expression of genes[2], a process that is far more complex than previously 

thought. To this date, many questions remain unknown about the genome in terms of gene 

regulation: Which and how regulatory elements are involved? Do genetic variations cause mis-

regulation and how are they relevant to observed disease phenotypes? 

Gene expression control and regulatory elements 

The precise control of gene expression at the transcription level involves the coordination 

among regulatory sequences and proteins. Cis-regulatory elements (CREs) such as promoters and 

enhancers reside in the non-coding genome, and contain binding sites for regulatory proteins – 

transcription factors (TFs). Working together, they can either recruit or block RNA polymerase II 

at a gene’s promoter, thereby modulating its transcription level. These regulatory components fine-
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tune the intricate transcriptional programs in each cell type, maintaining cellular functions and 

processes that are either general or cell-type-specific[2]. 

Chromatin exists as a dynamic structure in the nucleus, with its compactness level modulated 

to occlude or allow the access of chromatin-binding factors to DNA[3]. Since CREs need to be 

available for TF binding, these functional sequences are often marked by accessible chromatin. 

The accessibility or compactness of chromatin can be measured by DNase I hypersensitive sites 

sequencing (DNase-seq)[4], and most recently, Assay for Transposase-Accessible Chromatin 

using sequencing (ATAC-seq)[5], both of which use cleavage enzymes (DNase-I and Tn5 

transposase, respectively) to extract and sequence the DNA wherever they can access. Although 

these technologies can predict the location of CREs across genome, not all accessible regions 

correspond to active CREs. For example, an enhancer might be inactive but primed open for 

activation at a later time point, or it might be accessible in multiple cell types but only active in a 

cell-type-specific manner[6]. Additional information such as the modification of histone proteins 

can be utilized to identify active CREs marked by H3K27ac[7]. Active CREs also tend to have 

bound TFs. TF binding sites along the DNA can be directly sequenced and identified through 

chromatin immunoprecipitation sequencing (ChIP-seq)[8]. Careful computational analyses on 

high-resolution chromatin accessibility data can also reveal TF binding footprints within the 

accessibility signal where bound TFs protect their underlying DNA from cleavage[9], indirectly 

informing TF binding events.  

Besides genome-wide prediction of CRE location through chromatin features and TF binding, 

it is also important to understand what their regulatory targets are. However, it is now understood 

that CREs can act either locally or over long distances via chromatin looping[10] to modulate the 

expression of their target genes, without any specific patterns in their range, rendering the 
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identification of their target genes challenging. Several recent developments (3C-based 

technologies[10], [11]) have enabled the measurement of physical interactions within chromatin 

in the nucleus, a particularly sensitive one being promoter capture Hi-C[12], which can sequence 

and identify genomic regions that have physical interactions with gene promoters, directly linking 

putative distal CREs to the target genes. However, it is important to keep in mind that 3C-based 

methods only assess physical contacts and do not necessarily reflect regulatory relationships; 

additional investigations are needed to determine causal regulatory relationships between regions 

in contact with each other[6]. 

Study of genetic variations 

Variability in the genetic code has been a focus of human genetic research as it leads to 

different gene expression levels and other downstream phenotypes, which results in varying 

heritable disease risks among individuals. The most common type of genome variation among the 

population are single nucleotide polymorphisms (SNPs). The relationship between SNPs and 

thousands of human traits/diseases have been extensively studied in Genome Wide Association 

Studies (GWAS), where the presence of a SNP is statistically associated with whether an 

individual possesses a certain trait over the genotyping of large numbers of individuals[13]. While 

GWAS has identified numerous genomic variants associated with complex disease and 

tremendously aided our understanding of their genetic bases, interpretation of these associations 

remains challenging. Most SNPs found significantly associated with a disease are not causal, but 

rather tag SNPs merely chosen because they are in high linkage disequilibrium (LD) with the actual 

causal SNP. Therefore, it is difficult to pinpoint the disease-driving variants and the genes these 

variants act through. Another way to approach this is by examining the genomic context of these 

significant associations for the ones with important functions. Since over 90% of SNPs associated 



 4 

with complex traits are mapped to the non-coding genome[14], the characterization of regulatory 

elements and their target genes are of great importance. Efforts are needed to understand the 

regulatory effects of genetic variants, as it will lead to identification of causal variants and facilitate 

a mechanistic understanding of the genetic basis of diseases. 

While we have introduced many ways to characterize CREs and the genes they interact with, 

they do not reflect causal regulatory relationships. One way to establish the causal link is to directly 

perturb the genomic sequence of interest and evaluate the phenotypic outcomes of the perturbation 

in cells. CRISPR genome editing[15] has enabled the perturbation of genomic sequences in their 

endogenous context, providing researchers with a powerful tool to screen for CREs and study their 

functions[16]. CRISPR coupled with the Cas9 nuclease can induce a double-strand break at the 

targeted regulatory element under the direction of a guide RNA (gRNA), resulting in disruptive 

genetic effects sometimes comparable to the deletion of the whole enhancer[17]. This system can 

also be modified to achieve modulation of enhancer activity using a nuclease-deactivated Cas9 

(dCas9) instead. For example, sequences can be repressed through CRISPRi, where dCas9 is fused 

with repressive effectors such as the KRAB domain[18]. By designing gRNAs that target different 

genomic loci and delivering them into cells using lentiviral vectors, researchers can perform 

functional screens of multiple CREs in a single experiment[19]. Most recently, technologies such 

as Perturb-seq[20], [21] and CROP-seq[22] have further improved the resolution and throughput 

of genetic screens by combining pooled CRISPR screening with single-cell RNA-seq (scRNA-

seq), allowing for efficient screening for effects of multiple genetic perturbations in tens of 

thousands of cells simultaneously[23].  

In general, single-cell technologies have demonstrated substantial advantages over bulk 

assays in their ability to capture cellular heterogeneity in transcriptomic and epigenetic programs. 
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When applied to tissues of multiple cell types, or dynamic systems such as cells undergoing 

differentiation, these technologies can tremendously aid the discovery of context-dependent or 

cell-type-specific regulatory relationships[24], [25]. However, several challenges exist in the 

statistical analyses of single-cell CRIPSR screen data. First and foremost, the sparse and noisy 

nature of raw single-cell genomic data introduces difficulty with normalization[26] and violates 

the asymptotic assumptions of parametric statistical tests if modeled improperly. A solution that 

has been adopted by the field is to perform exact tests either through permutations[27], [28], which 

are computationally intensive, or utilizing non-parametric approaches such as the Wilcoxon rank 

sum test. In addition, because of low gRNA efficiency, relatively small numbers of cells are 

assigned to each gRNA-mediated perturbation, further limiting the discovery power of these 

experiments. As a result, routine differential expression analyses often only manage to identify a 

fraction of effects, and the results vary drastically from method to method[29]. Better data-driven 

methods are needed to increase the detection power of effects of genetic perturbations in single-

cell CRIPSR screen data. 

Overview of thesis research 

In this thesis, I attempted to address some of the challenges in understanding regulatory 

regions and effects of genetic perturbations, and developed novel computational frameworks and 

statistical methods that complement experimental approaches, which combined together, aided the 

discovery of regulatory elements and functional disease variants, and improved the understanding 

of the genetic basis of diseases. 

Chapter 1 is a preliminary effort to understand the gene regulatory structure in developing 

human neurons. Integrating matched bulk ATAC-seq and RNA-seq data from human induced 

pluripotent stem cells (iPSCs) and derived neurons, I mapped genome-wide putative CREs and 
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predicted TF binding events in these CREs from chromatin accessibility data; then, by modeling 

the relationship between gene expression and CRE accessibility, I identified CREs that are highly 

associated with genes of interest. Under this framework, I established a preliminary gene 

regulatory network that connects the trans-regulatory factors to the cis-regulatory elements, and 

to their potential target genes for a set of autism risk genes. 

While these mapped CREs, or more generally, open chromatin regions, are more likely to 

have regulatory potential, not all disease risk variants located in them are functional. As a result, 

the pinpointing of causal functional variants remains challenging for complex traits such as 

neuropsychiatric disorders. In Chapter 2, we provided a more comprehensive framework to 

address this challenge using the same study system. We focused on variants in the genome that 

exhibit allelic-specific open chromatin (ASoC). We believe that these ASoC variants are more 

likely to be functional and disease-relevant based on the simple fact that changes in accessibility 

can impact gene expression, which is one of the main disease-causing mechanisms. 

Characterization of mapped ASoC variants confirmed their greater tendency to be functional than 

other regular variants. For example, neuronal ASoC variants were found enriched for brain 

enhancers, TF binding sites, and brain QTLs. After confirming their high disease relevance using 

GWAS schizophrenia (SZ) summary statistics, we prioritized a set of GWAS SZ SNPs that are 

also neuronal ASoC variants, and further validated on their regulatory functions using CRISPR 

genome editing in both single cells and bulk cell lines.  Overall, we identified 6 SZ risk variant 

loci and 9 corresponding cis-target genes regulated by them. These findings demonstrated the 

effectiveness of ASoC in interpreting the effects of non-coding disease variants in a 

neurodevelopment context, which can aid the genetic discovery of brain-related traits. 
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While analyzing single-cell RNA-seq with CRISPR screen (CROP-seq) data in Chapter 2, we 

found that routine differential expression (DE) methods were under-powered in detecting the 

transcriptome effects of genetic perturbations. In Chapter 3, we focused on addressing this specific 

computational challenge, and developed a novel statistical method to better analyze single-cell 

RNA-seq with CRISPR screen data. Instead of interrogating the change in expression for each 

gene individually, our factor analysis-based model leverages the modular structure in the 

transcriptome, and detects coordinated modules of genes that are affected by the perturbations. In 

addition to the detection of affected gene modules, our method also summarizes the effect of 

perturbation for each gene, allowing for the discovery of differentially expressed genes. Applying 

our method to two external CROP-seq datasets, we demonstrated that it can uncover biologically 

relevant gene modules and has better power to detect differentially expressed genes than routine 

DE methods, which together, improved the understanding of regulatory mechanisms underlying T 

cell activation and neuronal differentiation. 
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CHAPTER 1: INFERENCE OF GENE REGULATORY 

NETWORKS AT THE TRANSCRIPTION LEVEL 

1.1 Introduction 

Many regulatory components are involved in the precise control of gene transcription, forming 

a complex network. Deciphering gene regulatory architectures is of great interest, as it would 

highlight functional regions of the non-coding genome, unravel the genes they mediate their effects 

through, and help explain the varying heritable disease risks across individuals[16]. 

One major component of the gene regulatory network is cis-regulatory elements (CREs), the 

most understood of them being promoters and enhancers. CREs typically contain the binding sites 

for transcription factors (TFs), and the coordination of these regulatory elements are necessary to 

activate or repress the transcription of genes. CREs can be characterized by assays of chromatin 

accessibility such as DNase-seq[4] and ATAC-seq[5]. However, an important discovery of 

enhancers is that they can act independently of the distance and orientation to their target genes[30], 

and function over great distances (up to 1 Mb) through DNA looping[10] to modulate the 

expression of a gene at its promoter, which makes the identification of their target genes difficult. 

Chromatin conformation capture based technologies such as Hi-C[12] can provide snapshots of 

physical interactions within chromosomes in the nucleus, enabling the mapping of long-range 

interactions between enhancers and promoters. Yet, it is still challenging for these assays to 

provide enough spatial resolution to identify specific contacts between enhancers and gene 

promoters; in addition, because these interactions are dynamic and often cell-type- or tissue-

specific, they may not be fully captured by these assays. As for TFs, although their binding to the 

genome can be directly measured through ChIP-seq[8], these assays are low-throughput; and given 

the prevalence of non-functional binding events in the genome, a large portion of TF binding sites 
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detected by ChIP-seq have no regulatory roles[31]. Therefore, data from various orthogonal 

sources need to be integrated to establish regulatory relationships among TFs, CREs, and their 

target genes for the specific cell types of interest.  

Here, we utilized a series of statistical approaches to complement the experimental limitations 

and constructed cell-type specific gene regulatory networks in a neurodevelopmental model 

consists of human induced pluripotent stem cells (iPSCs) and derived neurons, leveraging matched 

bulk ATAC-seq and RNA-seq data. We mapped cell-type-specific putative CRE regions based on 

ATAC-seq data. Applying TF footprint calling to the ATAC-seq data, we established the 

connection between TFs and putative CREs. By modeling the relationship between CRE activity 

and gene expression, we quantified the link between CREs and target genes. Collectively, we 

constructed preliminary gene regulatory networks of several high-confidence autism risk genes, 

which not only serves as a resource for regulatory components potentially involved in the 

modulation of these genes, but may also help in predicting the effects of perturbations in CREs on 

gene expression. We envision that application of these findings on expression quantitative trait 

loci (eQTL) analyses or genome-wide association studies (GWAS) will help elucidate the 

genotype-phenotype associations and prioritize causal SNPs for crucial brain disorders. 

1.2 Methods 

1.2.1 Chromatin accessibility profiling using ATAC-seq1 

8 reprogrammed iPSC lines were obtained from 8 subjects in the Molecular Genetics of 

Schizophrenia (MGS) cohort, and differentiated into 4 neuronal cell types: neural progenitor cell 

(NPC), glutamatergic neuron (iN-Glut), dopaminergic neuron (iN-DA), and GABAergic neuron 

 
1 Sections 1.2.1 and 1.3.1 contain material from the paper: Zhang et al., “Allele-specific open chromatin in human 
iPSC neurons elucidates functional disease variants,” Science, vol. 369, no. 6503, pp. 561–565, 2020, 
doi.org/10.1126/science.aay3983. 
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(iN-GA) (Fig. 1.1a). Bulk ATAC-seq and RNA-seq were performed on these 40 samples 

individually. 

The paired-end and single-end ATAC-seq reads of each sample were mapped to GRCh38p7 

using Bowtie[32], then merged and sorted as BAM-formatted files using SAMtools[33]. Processed 

BAM ATAC-seq reads from samples of the same cell type were pooled together to increase the 

read depth, and therefore, the power of downstream peak detection. We used MACS2 to generate 

piled-up coverage of ATAC-seq cut-sites and perform peak calling with settings --nomodel, --shift 

-100, --extsize 200, --slocal 1000, --llocal 10000, and --qvalue 0.01. Peaks called from all cell 

types were consolidated to form a union set of peaks. The chromosomal locations of these peaks 

correspond to putative CREs, and reads that overlap with these intervals were re-counted for each 

sample using bedtools, reflecting sample-specific CRE activities. A Snakemake pipeline that 

processes ATAC-seq bam files of individual samples and converts them into a structured peak 

count matrix as described is available at github.com/gradonion/ATACseq_pipeline. Conditional 

quantile normalization[34] was applied to the raw peak count matrix to account for the differences 

in library size, peak length and GC content using R package CQN. Unless stated otherwise, this 

normalized peak activity matrix was used for all downstream analyses.  

Bulk RNA-seq data for each sample was mapped to GRCh38p7 using STAR[35]; duplicates 

were removed using Picard MarkDuplicates, and gene counts were generated using featureCounts. 

Similarly, conditional quantile normalization was applied to the raw gene count matrix to account 

for gene length, GC content, and sample library size. Unless stated otherwise, this normalized gene 

expression matrix was used for all downstream analyses. 
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Principal component analysis (PCA) and hierarchical clustering were performed on both the 

peak activity profiles and gene expression profiles to examine the structure within samples. For 

gene expression, only the top 10k most variable genes were used in the analyses.  

1.2.2 Transcription factor footprint calling 

DNase-seq and ATAC-seq, two assays that are widely used for genome wide profiling of 

chromatin accessibility, share similar mechanism in that they both use cleavage enzymes (DNase-

I in DNase-seq[4] and Tn5 transposase in ATAC-seq[5]) to cleave the accessible parts of the DNA. 

Interestingly, DNA accessibility data obtained using this mechanism also inform on transcription 

factor binding and nucleosome positioning. As TF binding protects the DNA from enzyme 

cleavage, this leaves a local window that drops in accessibility coverage, referred to as a TF 

footprint[36]. This information can be used to complement the traditional motif analysis approach, 

where regions matching the known TF PWMs are identified purely based on their sequences. By 

recognizing motif instances that also exhibit depletion of DNase-seq or ATAC-seq signals locally, 

functional TF binding sites (TFBSs) can be predicted with more confidence.  

Several computational tools were built upon this idea to predict TFBSs. One approach, 

CENTIPEDE[37], utilizes the difference in accessibility profiles between bound and unbound TF 

motif instances, and trains a Bayesian mixture model on the piled-up cut counts surrounding all 

motif instances in the genome for the TF motif of interest. Motif occurrences predicted to be in the 

binding states are then considered as TFBSs. This unsupervised method does not make 

assumptions on the depletion of cut counts or set hard thresholds to distinguish bound and unbound 

states, and therefore, can identify TFBSs with high sensitivity. However, numerous preprocessing 

steps are needed to prepare an appropriate input for the CENTIPEDE software, including the 

scanning of genome-wide motif instances and the extraction of DNase-seq or ATAC-seq count 
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profiles in a 200bp window centered on each of the motif matches. This adds substantial 

complexity and processing time to the approach. In our case, the prediction of TFBSs for a single 

TF motif takes > 1 hour starting from a processed ATAC-seq BAM file pooled over a cell type. 

Most TF footprinting methods were initially developed for DNase-seq. Although similar in 

principle, the transposase Tn5 used in ATAC-seq has a different cleavage bias than DNase-I[38].  

HINT-ATAC[38] is the first footprinting method to account for such bias in ATAC-seq data. It 

first uses position-dependent models to estimate the cleavage bias of Tn5 from a given ATAC-seq 

library; then, using the corrected cleavage signals as inputs, it trains an HMM model to infer the 

states of motif instances. Prediction for 579 TF motifs takes ~3.5hr. Although HINT-ATAC was 

reported to out-perform other competitors in ATAC-seq footprint prediction[38], we did not 

observe the same trend in our study (see below). 

Here, we adopted a two-step footprint calling approach (Fig. 1.1c), where we first used 

DNase2TF[36] to search for putative footprint windows of within ATAC-seq peak regions 

depleted of cleavage events, and then overlapped them with high-confidence TF motif matches in 

the OCRs found by a motif analysis tool (‘rgt-motifanalysis’) in Regulatory Genomics Toolbox 

(RGT) to obtain TFBSs for 579 curated TF motifs in the JASPAR Core database (2018 release). 

Both steps are fast in computation (all 579 motifs in under 20 minutes) and can be carried out 

independently of one another. 

DNase2TF[36] relies on a relatively simple algorithm that directly scans along the 

accessibility signals for depletion regions. It starts with a set of candidate regions of sizes ranging 

from 6 bp to 30 bp within the OCRs that are local minima in the cut count profile, and assesses the 

significance of count depletion at each candidate region by comparing against a wider local 

background region centered at the candidate region using a binomial test. In the analysis, the size 
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of a local background region is fixed to be k (=3) times the size of the candidate region. Assuming 

that sequencing reads are distributed uniformly across the background and N cut counts are 

observed in the local background region, the number of cut counts in the candidate region should 

follow the binomial distribution Binom(N, 1/k). This distribution can be approximated by a normal 

distribution when N is large, generating the following z score for a candidate region with n 

observed cut counts: 

𝑧 =
𝑛 − 𝑁𝑘

'𝑁𝑘 (1 −
1
𝑘)
	. 

The lower the z score is, the more depleted the candidate region is of ATAC-seq cleavage events. 

A false discovery rate (FDR) is further estimated for each candidate by repeating the algorithm for 

randomized cut count data. Finally, a set of candidate footprint regions can be obtained by 

thresholding the z score (< -2) and FDR (< 0.01). Although additional analysis of TF motif 

matching is necessary to predict TFBSs, DNase2TF holds advantages over other TF footprint 

calling methods of its time in its fast computation and relatively high prediction accuracy[36]. 

Our second step is to use a motif matching tool ‘rgt-motifanalysis’[39] to identify TF motif 

instances in the ATAC-seq peaks. The tool evaluates the match between every possible sequence 

and a given TF position weight matrix with a log-likelihood ratio score, then generates a false 

positive rate (FPR) based on the score using dynamic programming, and finally accepts motif 

instances by FPR thresholding. For each JASPAR TF motif, we obtained matching motif instances 

within the ATAC-seq peaks under an FPR threshold of 10-4. Among them, instances that 

overlapped by at least 50% with the potential footprint windows identified by DNase2TF were 

determined as the final TFBSs. This procedure of TFBS prediction, or TF footprint calling, was 
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performed for each cell type, where ATAC-seq cut counts from samples of the same cell type were 

pooled together. 

We evaluated the performance of TF footprint calling using ENCODE TF ChIP-seq data 

measured in embryonic stem cell lines (H1-hESC), which is the closest cell type to iPSC, as the 

ground truth. H1-hESC ChIP-seq TFBS uniform peaks of CTCF, GABPA, SP1, and ZNF143 were 

downloaded from https://genome.ucsc.edu/ENCODE/dataMatrix/encodeChipMatrixHuman.html 

in .narrowPeak format, converted to hg38 using liftover, and compared with our predicted TFBSs 

of corresponding TFs in iPSC. To assess the sensitivity and specificity of our footprint calling 

method for a specific TF, we treated all its matching motif instances in the OCRs as the testing 

pool, and defined true positives as motif instances that are called as footprints and have ChIP-seq 

signals, while false positives are defined as motif instances that are called as footprints but do not 

have ChIP-seq signals (Fig. 1.1d). ROC curves for our approach were generated by varying the 

FDR threshold in DNase2TF.  

While we did not generate ROC curves for CENTIPEDE and HINT-ATAC, we evaluated 

their performance in predicting CTCF TFBSs in iPSC at realistic thresholds that resulted in 

comparable number of discoveries. Using a posterior probability threshold of 0.99, CENTIPEDE 

predicted 1.83´104 CTCF footprints in iPSC with a precision of 0.92, while HINT-ATAC 

predicted 1.24´104 CTCF footprints with a precision of 0.59 under the default setting. Our 

approach involving DNase2TF performed between these two methods, detecting 1.77´104 CTCF 

footprints with a precision of 0.84 (DNase2TF FDR < 0.01). Evaluation on the other 3 TF motifs 

yielded similar results, with the performance of our approach ranking in between CENTIPEDE 

and HINT-ATAC, which justified our use of DNase2TF since it is on average ~100 times faster 

than CENTIPEDE. 
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1.2.3 Statistical modeling of the relationship between CRE activity and gene 

expression 

Human iPSC-derived neurons are a powerful neurodevelopmental model that can be used to 

study related disorders such as autism spectrum disorder (ASD) and schizophrenia[40], [41]. Here, 

we set out to understand the regulatory components of ASD risk genes. Except for promoters that 

locate immediately upstream of the TSS of genes they regulate, there is no clear pattern of the 

relative location of CREs to their target genes, and since high-resolution Hi-C data for matching 

cell types were unavailable, we decided to infer these functional links by statistically modeling the 

relationship between CRE activity and gene expression. 

We chose a set of 86 high-confidence ASD-associated genes with a score of 1 or 2 in the 

SFARI database[42] as target genes. For a given target gene, we consider ATAC-seq peaks within 

100 kb region upstream of its TSS or introns as the candidate set of regulatory elements that 

potentially regulate the expression of the target gene. We proposed a prediction model where the 

linear combination of the activity levels of these peaks (measured by ATAC-seq) determines the 

expression level of the target gene (measured by RNA-seq): 

𝑦! ∼ 𝛽"𝑥!" + 𝛽#𝑥!# +⋯+ 𝛽$𝑥!$ , 

where yi is the normalized (CQN) expression level of target gene G in sample i, and xip is the 

normalized (CQN) peak strength of the p-th candidate peak for gene G in sample i (i=1,	2,	…,	N). 

We excluded the proximal promoter from the prediction, as its function is often well-understood, 

while its activity tends to strongly correlate with gene expression, which can mask the minor 

effects of enhancers. In reality, given our definition of peak assignment, there can be up to 

hundreds of candidate peaks under consideration for a given target gene, while sample size N = 

40. To ensure the interpretability and improve the accuracy of the regression model, variable 
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selection or regularization approaches are needed to select only a subset of peaks that have strong 

association with the gene expression outcome.  

Here we adopted a regularization approach, elastic net linear regression[43], to select an 

appropriate number of associated peaks and obtain interpretable models. Another popular and 

successful approach that uses regularization penalties to achieve parsimonious models is lasso[44]. 

But since the number of predictors selected by lasso is bounded by the number of samples, and it 

tends to fail in selecting grouped variables, it is not ideal for this problem. Combining lasso and 

ridge regression penalties, elastic net overcomes the limitations of both methods, and thus is more 

suitable for handling large numbers of correlated predictors[43]. The estimates of effect sizes take 

the following form under our elastic net regularization: 

𝜷5 = argmin𝜷 <‖𝒚 − 𝐗𝜷‖# +
0.5𝜆
2

‖𝜷‖# + 0.5𝜆‖𝜷‖"D, 

where β	=	(β1,	β2,	…,	βP) , y	=	(y1,	y2,	…,	yN) , X is the N×P  matrix of xip ’s, and λ  is the 

regularization parameter that controls the amount of shrinkage on β. In practice, the value of λ is 

determined by 10-fold cross validation for each target gene. Specifically, for each gene and its 

candidate peaks, we first used the cv.glmnet() function in the R package glmnet to evaluate the fit 

under different λ’s, and then picked λ as the largest value such that the cross-validation error is 

within one standard error of the minimum to encourage sparsity. Finally, we fit our elastic net 

regression model under the chosen λ using the glmnet() function, obtaining a set of selected peaks 

that have non-zero association effect sizes, or in other words, are potential CREs of the target gene. 

To understand what differentiates the selected peaks from the unselected candidate peaks, we 

further investigated the enrichment of several epigenetic features in these selected peaks. Suppose 

for a pool of C candidate peaks, each peak has one of the binary states represented by sj, with 1 for 

being selected, and 0 for not being selected. And we can quantify a certain genomic feature (e.g. 
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the number of TFBSs) at each peak region as fj.  The enrichment level (α1) of this genomic feature 

in selected peaks can then be estimated using logistic regression: 

log G
𝑝(𝑠& = 1)
𝑝(𝑠& = 0)J = 𝛼"𝑓& + 𝛼', 𝑗 = 1,2, … , 𝐶. 

To avoid any biases introduced by different scaling across features, the genomic features we 

investigated are all binary, including (i) whether a peak contains predicted TFBSs, (ii) whether it 

is an intronic peak of the target gene, (iii) whether it is a nearby peak within 20kb upstream of TSS 

of the target gene, (iv) whether the peak contains active H3K27ac histone modification mark  (fetal 

brain H3K27ac ChIP-seq data from[45]), and (v) the binary GERP (genomic evolutionary rate 

profiling)[46] score of sequence conservation at the peak region. 

 
Figure 1.1 Schematic of experimental data and analysis workflow. 
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1.3 Results 

1.3.1 Identification of cell-type-specific cis-regulatory elements (CREs) 

To identify the OCRs with potential regulatory functions in our neurodevelopmental model, 

we performed ATAC-seq in each of the 40 cell line samples from 5 cell types (8 samples per cell 

type). We pooled the ATAC-seq reads from samples of the same cell type and conducted peak 

calling in the piled-up cut count coverages, identifying 302K peaks in iPSC, 152K peaks in NPC, 

157K peaks in iN-Glut, 237K peaks in iN-DA, and 261K peaks in iN-GA, spanning 2.61% to 5.73% 

of the whole genome. Combined together, these peaks form a union set of 510K peaks in total 

across all cell types, 53.2% of which are cell-type-specific. 

As expected, principal component analysis (PCA) and hierarchical clustering of sample 

ATAC-seq peak profiles both exhibited clustering of samples of the same cell type, with the 

neuronal samples being more similar to each other than to iPSC samples (Figs. 1.2a,b). Similar 

patterns were observed among sample RNA-seq profiles (Figs. 1.2c,d). Our ATAC-seq data also 

reflect cell-type-specific chromatin accessibility at cell-type-specific marker gene loci. For 

example, for NANOG, an important TF for stem cells to maintain their pluripotency, genomic 

regions near its gene locus are the most accessible in iPSCs than in neuronal cell types (Fig. 1.2e). 

GAD2, a gene primarily expressed in GABAergic neurons, shows higher accessibility in its TSS 

in iN-GA than in the rest neuronal cell types (Fig. 1.2f). 
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Figure 1.2: ATAC-seq open chromatin peak activity and RNA-seq gene expression profiles in 
different cell types. 
a) PCA dimensional reduction of ATAC-seq peak count data of 40 samples from 5 cell types. b) 
Hierarchical clustering based on ATAC-seq peak count data of 40 samples, with heatmap colors reflecting 
the pairwise correlation between samples. c) PCA dimensional reduction of RNA-seq gene expression data 
of 40 samples. d) Hierarchical clustering based on RNA-seq gene expression data of 40 samples, with 
heatmap colors reflecting the pairwise correlation between samples. e) Aggregated ATAC-seq signals at 
NANOG locus in different cell types. f) Aggregated ATAC-seq signals at GAD2 locus in different cell types. 
 

1.3.2 Linking transcription factors with CREs 

To establish the connection between cis- and trans-regulatory elements in our system, we 

performed TF footprint calling in the identified OCRs. By overlapping regions of local ATAC-seq 

signal depletion with TF motif instances, we found high-confidence TFBSs within the ATAC-seq 

OCRs of each cell type for all curated TF motifs in the 2018 JASPAR Core database, with the 

average length of a TFBS being 12 bp. The number of TFBSs identified for each TF motif in each 

cell type ranges from 102 to 104 (Fig. 1.3a), depending on factors such as the residence time of TF 

binding to DNA, the prevalence of given TF in the given cell type, and the coverage of OCRs in 

each cell type. In general, fewer TFBSs were detected iN-Glut and iN-DA than the rest cell types 

because of their relatively low coverage of OCRs. For CTCF, a TF with long DNA residence time 
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thanks to its multiple zinc finger domains that stabilize the interaction with the target DNA[47], 

our method detected 4´103 – 2´104 footprints, which makes it rank ≥ 96% among all TFs across 

cell types. In contrast, the glucocorticoid receptor (GR, encoded by NR3C1) is known for its 

transient binding to DNA with binding kinetics two orders of magnitude faster than those of 

CTCF[47], [48]. Accordingly, the number of GR binding sites detected by our method makes it 

consistently rank at the bottom 2% quantile among all TFs across cell types. 

Because of our footprint calling approach, the ATAC-seq cut count profiles averaged over all 

predicted TFBSs of a given TF generally exhibit characteristic signatures of TF footprints, with 

the binding sites protected from DNA cleavage while their immediate flanking regions show 

prominent cut signals (Figs. 1.3c-f). Using ENCODE ChIP-seq data measured in embryonic stem 

cells (H1-hESC) as reference, we further evaluated the performance of TFBS prediction within 

motif instances in iPSC for several TFs. The high ROC curves far away from the diagonal for all 

TFs considered (Fig. 1.3b) confirm that our adopted DNase2TF approach can sufficiently capture 

the TF binding events observed by ChIP-seq with low false positive rates despite the cell type 

difference between H1-hESC and iPSC. However, since some TF binding events can occur without 

leaving any footprints, the algorithm’s choice of initial candidates as the local minima of the cut 

count profile led to incomplete ROC curves. In other words, DNase2TF cannot retrieve all ChIP-

seq binding events in OCRs even at its lowest thresholding criteria. In fact, this phenomenon is 

commonly observed for other TFBS prediction algorithms, reflecting the limitation of footprint-

based TFBS prediction methods[36]. 
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Figure 1.3 TF footprint calling results. 
a) Distribution of the number of TFBSs for each of the 579 curated JASPAR TF motifs predicted in each 
cell type; the y axis is in log scale to display the wide range of TFBS counts. b) ROC curves of TFBS 
prediction in iPSC using ENCODE ChIP-seq data of matching TFs in H1- hESC as ground truth. c)-f) iPSC 
ATAC-seq cut count profiles at regions ±100bp of a predicted TFBS, averaged over all predicted TFBSs in 
the genome for c) CTCF (17672 sites), d) GABPA (2412 sites), e) SP1 (14416 sites), and f) ZNF143 (1138 
sites). The region between two red dashed lines denotes the bound motif. 
 

1.3.3 Linking CREs with target genes 

Having identified the TF footprints located within CREs, our next step is to link CREs to 

target genes. Given the functional genomics data measured from this neurodevelopmental system, 

we decided to infer these functional links by statistically modeling the relationship between CRE 

activity and gene expression for target genes of interest. 

We focused on 85 ASD risk genes with a score of 1 or 2 in the SFARI[42] and candidate 

ATAC-seq peaks within 100kb upstream or the intronic regions of these genes. We excluded any 

promoter peak from the following regression analyses as its regulatory target is clear, and the high 

correlation between its activity and target gene expression may mask the weaker effects of 

enhancer peaks that are less well-understood. Using elastic net penalized linear regression, we 
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identified from the candidate pool informative peaks that have the most effects on their target gene 

expression for each SFARI high-risk gene, utilizing ATAC-seq and RNA-seq data from all 40 

samples. Starting from a candidate peak pool of ~44 (median) peaks per gene, we ended up with a 

selected peak pool of ~9 (median) peaks per gene, resulting in a selection rate ~7-fold (Fig. 1.4a). 

Despite being non-promoter peaks (Fig. 1.4c), the activities of selected peaks can explain their 

target gene expression response with an adjusted R2 of ~0.8 (median), with the goodness of fit 

generally increasing with the number of selected peaks (Fig. 1.4b).  

Further comparison between selected peaks and candidate peaks revealed that selected peaks 

tend to be close to the gene TSS instead of being intronic, and are enriched for H3K27ac marks 

and predicted TFBSs (Fig. 1.4e). We also examined the enrichment of specific types of TF 

footprints in these selected peaks under each cell type. Among the 5 cell types, 20 to 79 TFs were 

found to have significant footprint enrichment, including several TFs that are essential for neuronal 

development or differentiation, such as TFs of the KLF family[49], the SOX family[50], the SP 

family[51]–[53], REST[54], and YY1[55] (Fig. 1.4f, Table 1.1). Most of the enriched TFs are 

shared across multiple cell types. While iN-GA has the most types of TF footprint enrichment, 38 

of which are unique to the iN-GA cell type, it is also the cell type with the greatest number of 

predicted TFBSs. Therefore, deeper investigation is needed to determine whether enrichment 

unique to cell types are due to the ATAC-seq coverage difference between cell types, or cell-type-

specific regulatory activity. 
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Figure 1.4: Elastic net selection of putative CREs (peaks) and characterization of selected peaks.  
a) The number of candidate CREs included in the model vs the number of CREs selected by elastic net 
regression per target gene. b) Relationship between number of selected CREs and their ability to explain 
target gene expression response as measured by adjusted R2 in multiple regression per target gene. c) 
Distance of a peak from its potential target gene, for selected and unselected peaks in the candidate pool. 
x-axis is in log scale. d) The number of distinct types of TF motifs with predicted TFBSs in the peak in any 
cell type, for selected and unselected peaks in the candidate pool. x-axis is in log scale. e) The enrichment 
levels of different binary epigenetic features in selected CREs compared with the pool of candidate CREs; 
computed from simple logistic regression. f) Venn diagram reflecting the overlap of TFs that have predicted 
footprints enriched in elastic net selected peaks among cell types. TFBS enrichment was computed using 
the hyper-geometric test; significant TFs were obtained by thresholding FWER < 0.05 using the Bonferroni 
correction. 
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Cell types Number of 
enriched TFs TFs (motifs) 

NPC, iN-DN, iN-GA, 
iN-Glut, iPSC 15 ZBTB7A, ELF1, ELK4, ETV4, FLI1, Gabpa, ERG, ELF4, ETS1, 

ELK1, NRF1, ELK3, ETV5, ETV1, FEV 
iN-DN, iN-GA, iN-Glut, 
iPSC 2 EHF, ETV2 

NPC, iN-GA, iN-Glut, 
iPSC 1 ETV3 

iN-DN, iN-GA, iN-Glut 2 REST, YY1 
iN-DN, iN-GA, iPSC 6 ETV6, Zfx, CTCFL, PLAG1, SP1, KLF16 
NPC, iN-DN, iN-GA 2 TFAP2A, TFAP2B(var.2) 

iN-DN, iN-GA 13 ZNF263, SP2, E2F6, NFATC2, MZF1, KLF5, CTCF, ELF5, SP3, 
KLF9, Rfx1, EWSR1-FLI1, ELF3 

iN-DN 5 Arid3a, RORA(var.2), EGR1, NFAT5, Sox3 

iN-GA 38 

GLIS3, Tcf12, RBPJ, RARA::RXRA, TFAP2C(var.2), 
Pparg::Rxra, HNF4G, NR4A1, HINFP, PBX3, E2F4, ZEB1, ZIC1, 
Smad4, Myog, RELA, RORB, ASCL1, INSM1, Hes1, SP4, 
RREB1, TFAP2B(var.3), NR2F1, THAP1, TFAP2C(var.3), Klf1, 
Tcfl5, Klf12, TFAP2A(var.3), NR1A4::RXRA, TFDP1, ZIC3, 
NFIC::TLX1, Ascl2, RFX2, SP8, NFIC 

iPSC 5 VDR, NA, RF, EGR2, IRF5 
NPC 2 EN1, ALX3 

Table 1.1: TFs (motifs) with footprints enriched in selected CREs in each cell type. 
 

We inspected the selection of peaks by elastic net in detail for specific ASD risk genes. ASH1L, 

for example, has 50 candidate peaks within its introns or 100kb upstream region. Elastic net 

regression selected 8 peaks out of them, multiple regression using which can predict ASH1L 

expression level with an adjusted R2 of 0.90. The activity of each selected peak also shows strong 

correlation with ASH1L expression level, with a marginal regression R2 ranging from 0.37 to 0.87 

(Fig. 1.5a), while unselected candidate peaks do not have marginal regression R2 values above 

0.48. Noticeably, given the high correlation we found among activities of candidate peaks for 

ASH1L (Fig. 1.5b) (potentially due to the consistent cell type difference across peaks), elastic net 

selected a parsimonious set of peaks that are also correlated with one another, as predictors in the 

final model. This reflects the “grouping” behavior of elastic net, where strongly correlated 

predictors tend to be included in or excluded from the model together[43]. Among the selected 

peaks, 5 of them contain predicted binding sites of TFs related to neural development (e.g. SP8[52], 
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NEUROD1, SOX8[50]) or associated with ASD risk (e.g. MEF2C[56]) across cell types (Fig. 1.5c), 

highlighting a complex regulatory pathway that connects ASH1L with key transcription regulators 

through enhancers. 

For another ASD risk gene, CHD8, a chromatin remodeler, elastic net selected 8 putative 

regulatory peaks out of its 19 candidate peaks. Multiple regression using these selected peaks can 

explain CHD8 expression level with an adjusted R2 of 0.93. Again, elastic net selected groups of 

peaks that are highly correlated with each other (Fig. 1.6b). 6 of the selected peaks are distal, 

including 2 peaks at the promoters of other genes (Fig. 1.6c), which both have R2 > 0.8 in marginal 

correlation with CHD8 (Fig. 1.6a). One of them is positively correlated with the expression of both 

putative promoter genes: peak_385160 ~ RAB2B (R2=0.83), peak_385160 ~ TOX4 (R2=0.75), 

suggests that peak_385160 may have regulatory control over multiple genes. Unexpectedly, the 

other peak (peak_385165) is anti-correlated with the expression of METTL3 (R2=-0.67), 

suggesting that it may not serve as a conventional promoter for METTL3. 7 of the 8 selected peaks 

have predicted TFBSs in at least one of the cell types, with some of the TFs in multiple peaks, 

such as those of the SP family (Fig. 1.6c). In contrast to ASH1L, the expression of CHD8 is the 

highest in iPSC samples, and substantial iPSC TFBSs were detected in its neighboring peaks, 

which might be due to CHD8’s important role in the maintenance of pluripotency in embryonic 

stem cells[57].  
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Figure 1.5: Elastic net selection of putative CREs that target ASH1L.  
a) Correlation between activity levels of each selected CRE for ASH1L and the expression of ASH1L across 
40 samples. Peaks are ranked by the absolute value of elastic net coefficient; R2 from simple linear 
regression for each peak is also labeled. b) Pairwise correlation between the activity levels of 50 candidate 
peaks targeting ASH1L. c) Genomic track plot at the ASH1L locus, showing the locations of peaks selected 
by elastic net (red), candidate peaks for ASH1L (yellow), and predicted TFBSs in different cell types (last 
5 tracks in blue). Each peak can contain multiple TFBSs, but due to limited space, only binding sites of 
selected TFs are labeled. 
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Figure 1.6: Elastic net selection of putative CREs that target CHD8.  
a) Correlation between activity levels of each selected CRE for CHD8 and the expression of CHD8 across 
40 samples. Peaks are ranked by the absolute value of elastic net coefficient; R2 from simple linear 
regression for each peak is also labeled. b) Pairwise correlation between the activity levels of 19 candidate 
peaks targeting CHD8. c) Genomic track plot at the CHD8 locus, showing the locations of peaks selected 
by elastic net (red), candidate peaks for CHD8 (yellow), and predicted TFBSs in different cell types (last 5 
tracks in blue). Each peak can contain multiple TFBSs, but due to limited space, only binding sites of 
selected TFs are labeled. 
 

1.4 Discussion 

In this preliminary work, we integrated the information from transcriptomics and functional 

genomics data, and used a series of computational approaches to establish connections from TFs 

to enhancers and to their target genes, mapping a preliminary gene regulatory networks at the 

transcriptional level in an iPSC-derived neuron model. This framework can be readily applied to 

other systems if matching RNA-seq and ATAC-seq data are available.  



 28 

However, there remains room of improvement to increase the resolution and accuracy of 

resulting networks. Since the average length of peaks called from ATAC-seq is ~500bp, while the 

predicted TFBSs have an average size of ~12bp, a CRE typically contains multiple TFBSs. 

Complicated by the high degeneracy among TF motifs , i.e., PWMs of TFs from the same family 

can be highly similar[58], a single CRE can contain up to 100 distinct types of TFBSs (Fig. 1.4d). 

Therefore, it is hard to identify the TFs that functionally bind to the CRE and where the important 

binding sites are located without additional information. Focusing on TFs with high expression 

levels may be one way to narrow down the list, as those are more likely to be functional in the 

system.  

We used elastic net to link CREs to specific target genes. This approach, while effective in 

reducing the number of associated peaks, is generally not able to distinguish the functional CREs 

from a group of peaks highly correlated in activity. On the other hand, functional enhancers are 

typically associated with epigenetic characteristics such as H3K27ac marks, physical interaction 

with promoter, and bound by TFs. Enrichment for some of these features is indeed observed in 

peaks selected by elastic net regression. Therefore, we can leverage the functional information in 

sequences to facilitate the selection of CREs, prioritizing those with matching epigenetic features 

over others. Bayesian variable selection regression[59] is an attractive solution for this purpose, as 

the epigenetic information can be incorporated into the model as sparse priors imposed on effect 

sizes of predictors. Similar ideas have been applied to prioritize functional disease variants from 

GWAS, as seen in the category of statistical fine-mapping approaches[60]. 

 It is also important to keep in mind that association does not imply causation, and 

experimental studies are needed to confirm the validity of these computationally inferred 

regulatory networks. Enhancer activity can be validated through luciferase assay in vitro, or more 
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recently, via high-throughput techniques such as Massively Parallel Reporter Assay (MPRA)[61]. 

Promoter capture Hi-C[12] can identify enhancers that directly interact with the promoter of a gene 

over long ranges. The regulatory effects of CREs on gene expression or cellular phenotypes can 

be directly assessed in vivo through CRISPR/Cas9 genome editing[16]. Only with the support of 

orthogonal experimental validation can one draw a functional link between regulatory elements 

and their target genes with certainty.  
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CHAPTER 2: STATISTICAL ANALYSIS OF CHROMATIN 

ACCESSIBILITY VARIANTS TO ELUCIDATE REGULATORY 

GENETICS OF SCHIZOPHRENIA1 

2.1 Introduction 

In the previous chapter, we have observed how ATAC-seq paired with RNA-seq, can help us 

identify potential cis-regulatory elements (CREs) and the disease-risk genes they are associated 

with. However, due to the lack of computational or experimental screening, the predicted functions 

of these CREs were not validated. In addition, as the prediction of CREs does not inform the effects 

at the genetic variant level, the causal variants underlying diseases remain unknown. Genome-

wide association studies (GWAS) have mapped a large number of genetic variants associated with 

neuropsychiatric disorders, most of which reside in noncoding regions of the genome[14]. Still, it 

remains challenging to pinpoint the causal variant among these GWAS risk variants due to the 

prevalent linkage disequilibrium (LD) patterns in the human genome, as SNPs in high LD with the 

causal SNP can be statistically associated with the trait, generating spurious signals or even 

masking the signal of the causal SNP[60].  

In this work, we established a novel framework to address these challenges, combining the 

rich regulatory information in neuronal ATAC-seq data with the disease relevance of genetic 

variants summarized in GWAS of neuropsychiatric disorders. In contrast to most existing studies 

performed on adult brain samples[62], we focused on a neurodevelopmental system consisting of 

major subtypes of neuronal cells derived from human induced pluripotent stem cells (iPSCs), 

 
1 Much of this chapter contains material from the paper: Zhang et al., “Allele-specific open chromatin in human 
iPSC neurons elucidates functional disease variants,” Science, vol. 369, no. 6503, pp. 561–565, 2020, 
doi.org/10.1126/science.aay3983. 
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which may provide functional information during early neurodevelopment. As chromatin 

accessibility strongly influences gene expression during neurodevelopment, we set out to 

investigate the extent to which genetic variants alter chromatin accessibility in these neuronal cell 

types. Based on ATAC-seq open chromatin profiling, we mapped thousands of genetic variants 

exhibiting allele-specific open-chromatin (ASoC) in each cell type. We evaluated the cell-type 

specificity of these ASoCs, and validated the functional effects of them via their enrichment for 

brain-specific quantitative trait loci (QTLs) and their alteration of transcription factor (TF) binding. 

The disease relevance of these ASoC variants was then assessed using GWAS summary statistics 

of brain-related disorders and traits, and top 20 putative causal variants for schizophrenia (SZ) 

were prioritized via a Bayesian fine-mapping strategy that incorporated multiple important 

genomic features, such as neuronal ASoCs, as functional priors.  

Given these highlighted variants, functional validations are needed to confirm whether they 

and their underlying sequences are responsible for the downstream phenotypes such as gene 

expression and cellular functions, which ultimately affect the disease trait. One way to establish 

this causal link is to directly introduce genetic perturbation at the sequence of interest, and evaluate 

the phenotypic outcomes of the perturbation in cells, which is enabled by the CRISPR/Cas9 

genome editing system. Through CRISPR, a regulatory sequence can either be entirely disrupted 

by the Cas9 nuclease, or repressed in its regulatory activity by a nuclease-deactivated Cas9 (dCas9) 

in CRIPSRi[16]. 

In the second half of the work, we centered on the top 20 ASoC SZ-risk SNPs and set to 

validate their regulatory functions using CRISPR genome editing. We first used CROP-seq 

(CRISPRi followed by droplet-based single-cell RNA-seq)[22] to target the tagged ASoC 

sequences in a pooled experiment. Differential gene expression analysis was then carried out to 
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screen for genes that are cis-regulated by these SZ-risk regulatory sites. Next, independent 

CRISPRi followed by qPCR assay was used to validate the cis-genes identified in the CROP-seq 

screen. Finally, CRISPR editing at the SNP level confirmed the allelic effects of two variants on 

the local regulatory activity and on the expression level of the corresponding cis-target genes.  

Overall, our work provided a snapshot of the neuronal ASoC landscape and demonstrated that 

ASoC data in iPSC-derived neurons provide an effective means to interpret functional effects of 

variants in the neurodevelopment context, and to aid genetic discovery of neuropsychiatric traits. 

While the discovery framework we established is a combination of state-of-art experimental and 

computational techniques, the focus of this chapter is on the computational side. 

2.2 Methods 

2.2.1 Mapping of allele-specific open chromatin (ASoC) variants 

We first set out to identify functional variants affecting chromatin accessibility, which we 

hypothesize are more likely to influence gene expression. We focused on ASoC variants displaying 

allelic imbalance in ATAC-seq reads at heterozygous SNP sites in a neurodevelopmental context. 

To this end, we expanded the study system used in Chapter 1 to include more informative samples. 

20 reprogrammed iPSC lines were obtained from 20 subjects (Table 2.1) in the Molecular Genetics 

of Schizophrenia (MGS) cohort[63], including the 8 subjects used in Chapter 1. These individuals 

were selected for this study because they are “super-heterozygous” for SZ risk SNPs. They are 

enriched for heterozygous SZ GWAS index SNPs at 70 SZ loci (out of 108 in total[55]), and 

provide sufficient power to detect ASoC with a minimum ATAC-seq read depth of 20 at these 70 

loci[64]. As mentioned in Chapter 1, these iPSC lines were differentiated into neural progenitor 

cells (NPC), early-stage (day-15) glutamatergic (iN-Glut), GABAergic (iN-GA), and 

dopaminergic (iN-DN) neurons. But in addition to the original 8 lines (“core 8”) per cell type, 
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ATAC-seq and RNA-seq were performed on 12 additional lines in NPCs and iN-Glut individually, 

resulting in 20 sequenced samples for each of these two neuronal cell types. 

Cell ID iPSC ID Sex Age Condition 
01C08162 CD0000002 F 48 case 
04C27190 CD0000003 M 46 case 
04C28905 CD0000004 M 19 control 
04C37433 CD0000005 M 65 control 
05C38571 CD0000006 F 55 control 
05C39664 CD0000007 M 59 control 
05C43356 CD0000008 M 80 control 
05C43758 CD0000009 F 32 control 
05C45915 CD0000010 M 52 case 
05C46807 CD0000011 F 58 case 
05C46837 CD0000012 M 42 case 
05C48054 CD0000013 M 86 case 
05C49221 CD0000014 F 33 control 
06C52191 CD0000015 M 71 control 
06C52565 CD0000016 M 57 case 
06C52573 CD0000017 F 45 case 
06C53368 CD0000018 F 42 case 
06C54426 CD0000019 M 41 control 
07C71166 CD0000020 M 45 case 
07C65853 CD0000021 M 29 case 

Table 2.1: MGS subjects used for generating iPSC lines 
 
ASoC variant calling 

Given the ATAC-seq reads, SNP variants were called using GATK[65] (version 4.0), and then 

tested for allelic imbalance of chromatin accessibility using a binominal test (Fig. 2.1). Briefly, 

WASP[66] was used to account for the mapping bias to reference alleles in aligned reads before 

variants were called using the discovery mode of HaplotypeCaller. Each sample was processed 

individually, and only heterozygous SNP sites with corresponding rs# records found in dbSNP 

v150 were retained. To maximize the power of ASoC detection, for each called SNP site, we 

pooled reads from samples within the same cell type that are heterozygous at the site. This sample 
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pooling strategy is justified by the high concordance of allele-specific effects within a cell type 

across individuals[64]. Finally, the VCF files were generated and filtered such that only biallelic 

SNP sites (GT: 0/1) with a read depth (DP) ≥ 20 and minimum reference or alternative allele 

count ≥ 2 were retained. A two-sided binomial test was then carried out for each SNP site, 

assuming a null model where the number of trials is DP and the probability of success is 0.5. 

Multiple testing correction was performed using the Benjamini-Hochberg procedure for SNPs that 

were tested in a cell type, and ASoC SNPs for this cell type were obtained under an FDR cutoff of 

0.05. 

 
Figure 2.1: Workflow of ASoC SNP calling in ATAC-seq reads of a given cell type. 
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Cell-type specificity and sharing of ASoC SNPs 

We next investigated the sharing patterns of ASoC variants among cell types. In general, we 

defined an ASoC SNP to be cell-type-specific if it has an FDR < 0.05 from the imbalance test in 

its own category, while its nominal p-value > 0.05 in all other cell types. We defined cell-type-

shared SNPs as those with FDR values < 0.05 in all shared groups. 

We used Storey’s π1 analysis[67] to further evaluate the pairwise sharing of ASoC SNPs 

among cell types. For each pair of ‘leading’ and ‘matched’ cell types, we obtained the ASoC SNPs 

(FDR < 0.05) from the leading cell type, and estimated the proportion of non-null tests (π1) from 

the distribution of nominal p-values of these SNPs in the matched cell type if the test statistics 

exist. Note that if an SNP has a DP < 20 or was not called in the matched cell type, it was 

automatically counted toward the null proportion. Therefore, the π1 proportion was further scaled 

to reflect the proportion of ASoC SNPs in the leading cell type that are shared by the matched cell 

type. 

2.2.2 Characterization of ASoC variants 

We used statistical analyses to characterize the functions of these called ASoC variants in 

several aspects, including their enrichment in functional regions of the genome, their relationships 

with transcription factor (TF) binding sites, and their relevance to neuropsychiatric disorders.  

Enrichment of ASoC SNPs in annotated genomic regions 

The definitions of chromatin state were assembled using an imputed 25-state model derived 

from individual #E081 of fetal brain tissue by the Roadmap Epigenomics Project[68]. We 

categorized chromatin states 1–4 as “promoters” and chromatin states 9–19 as “enhancers”. 

For sets of ASoC SNPs that are cell-type-specific or shared by three cell types, we analyzed 

their enrichment within the above epigenetically annotated regions using a one-sided binomial test 
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Binom(x; n, p), where x is number of SNPs that fall into the designated epigenetically annotated 

features, n is the total number of SNPs under consideration, and p is the ratio between the total 

length of the designated epigenetically annotated features and the size of human genome. 

Enrichment of ASoC SNPs in TF binding sites 

To gain insight into the regulatory mechanism of ASoC, we then examined whether ASoC 

SNPs in each cell type were enriched at specific TF-binding sites (TFBSs). TF-binding footprints 

were called within each cell type using ATAC-seq data following the approach described in 

Chapter 1 but for 522 Homo sapiens TF motifs in the JASPAR database (2018 release), generating 

two sets of TFBS for iN-Glut-20 and NPC-20 samples, in addition to the five sets of TFBSs 

predicted from “core-8” samples per cell type. The enrichment of ASoC in TFBSs in each cell type 

can then be assessed as follows. Using the ~1M TFBSs predicted in 20 iN-Glut cell lines, for 

example, we evaluated the enrichment level of iN-Glut-20 ASoC SNPs (FDR < 0.05) vs iN-Glut-

20 non-ASoC SNPs (FDR > 0.05) that are located in the predicted TFBSs of a given motif using 

Fisher’s exact test. 

Correlation between allelic imbalance of chromatin accessibility and TF motif disruption 

We next utilized the observed chromatin accessibility levels at these ASoC alleles to test if a 

motif/TF has a role in driving chromatin accessibility. For such a TF, we would expect that genetic 

perturbation of its binding site would lead to a matched change of chromatin accessibility. For 

instance, an allele disrupting the motif of a pioneer factor is expected to reduce chromatin 

accessibility. This analysis is analogous to a Mendelian randomization[69] approach where genetic 

variants are used to test the causal effect of an exposure (in our case, TF/motif) on the outcome 

(chromatin accessibility). 
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Specifically, for a given cell type, we first obtained all the ASoC SNPs that are located inside 

the identified TFBSs of any of the 522 JASPAR TF motifs. Next, we use the function motifbreakR() 

from R package motifbreakR[70] to evaluate the level of disruption the alternative allele of each 

SNP has on any possible motif that matched its surrounding sequence with a p-value filtering 

threshold of 2.5×10-4. The effect of disruption can be either positive or negative, corresponding to 

increased or decreased TF binding affinity compared with the sequence with reference allele, 

respectively. Only SNPs with ‘strong’ effects on their underlying motifs according to motifbreakR 

were kept for further analysis, and their motif disruption scores were quantified as the difference 

between ‘scoreAlt’ and ‘scoreRef’ from motifbreakR() results. Then, for each given TF motif and 

all ASoC SNPs that ‘strongly’ disrupted its TF-binding motifs, we fit a linear regression model 

with an offset of zero between the motif disruption scores of these SNPs and their allelic imbalance 

levels. The latter was quantified by taking the log2 of the ratio between alternative and reference 

ATAC-seq reads at each of the SNP loci. Polarized -log10 of regression p-values were used to 

indicating both the significance and direction of the association between motif disruption and 

allelic imbalance of chromatin accessibility. 

Enrichment analyses of ASoC SNPs in brain molecular QTLs 

To test whether brain-associated SNPs from quantitative trait loci (QTL) are enriched in the 

functional genomic annotations we generated, we performed SNP-based enrichment analysis using 

a Bayesian hierarchical model (TORUS)[71]. TORUS incorporates the enrichment of functional 

annotations through a logistic link on the spike-and-slab prior on QTL effect sizes (βj’s): 

𝛽& ∼ P1 − 𝜋&R𝛿'(⋅) + 𝜋&𝑔(⋅), 

log (!
")(!

= 𝛼' +∑ 𝛼*𝑑&** . 



 38 

Here πj is the prior inclusion probability for the j-th SNP in a certain locus, djk is the value of the 

k-th annotation for SNP j, and αk is the enrichment parameter, or the log odds ratio, of the k-th 

annotation. Here, we investigated the enrichment of brain-specific QTL data of expression, 

methylation and histone acetylation[72] each in one functional annotation: iN-Glut-20 ASoC SNPs, 

assigning a binary status to each SNP, with 1 being an ASoC SNP and 0 otherwise. 

2.2.3 Differential expression analysis for single-cell RNA-seq with CRISPR screen  

Given the strong enrichment of ASoC SNPs for SZ-risk variants, we selected the top 20 non-

MHC (major histocompatibility complex) ASoC SNPs that are also GWAS SZ index SNPs or their 

LD proxies (r2 ≥ 0.8) (Table 2.2) to assess the regulatory potential of their underlying sequences 

and the likely cis-target genes. We adopted a modified CROP-seq[22] approach to repress the 

activities at these sites of interest in cells and screen for their effects on gene expression (Fig. 2.2). 

Briefly, for each SNP, three gRNAs were designed to target sequences ±150 bp of the SNP site on 

both the forward and reverse strands. Three NPC lines stably expressing dCas9/KRAB were 

transduced with a lentiviral gRNA library containing all these designed gRNAs under a low 

multiplicity of infection (MOI = 0.2) setting to maximize the number of cells infected with a single 

gRNA. Transduced cells were processed with the 10x Genomics Chromium single-cell 3’ mRNA 

platform and sequenced, generating approximately 450 M reads in total.  

10x Genomics Cellranger v2.1.2 was used to process raw sequencing data, where sequenced 

reads were aligned to the human GRCh38/hg38 genome with spike-in gRNA sequences as 

artificial chromosomes (20 bp gRNA sequence and 250 bp downstream plasmid backbone per 

each gRNA) using STAR v2.5.1. A digital gene expression matrix was then constructed based on 

per-gene UMI count. Cells with more than 500 genes and 11,000 UMIs detected were retained 

(4,099 out of 4,144 cells) for subsequent analysis, resulting in a median of 28.5k total UMIs and a 



 39 

median of 5k genes detected per cell. We assigned a cell with a unique RNA when the UMI count 

of its dominant gRNA is at least three times more than the sum of UMI counts from all other 

gRNAs. Under this criterion, 2,522 cells (60.8%) were uniquely assigned with one type of gRNA, 

and were retained for further analysis. 

 
Figure 2.2: The design of a modified CROP-seq approach for multiplexed CRISPR/dCas9 
epigenomic perturbation at ASoC SNP sites with scRNA-seq readout 
 

After quality control and preprocessing, we performed differential expression (DE) analysis 

on the single cell gene count data using the edgeR package, where a generalized linear model was 

fit to the data and DE genes were detected using a quasi-likelihood F-test test (edgeR-QLF)[73]. 

This test was selected because it has been shown to perform better than most other methods in 

identifying DE genes in scRNA-seq experiments with small cell numbers (range of 6-400 

cells)[74]. While each sequence was targeted by 3 gRNAs, we found that the efficiencies of each 

gRNA often differed from the other (as measured by the change in expression of their targeting 

genes), so we analyzed the cells designated to each gRNA individually. Cells containing the 

negative control gRNAs (3 targeting EGFP and 2 scrambled sequences) were used as the control 

group in DE analysis. Genes were included if they have CPM > 30 in more than 20% of cells. 

When DE analysis is applied to scRNA-seq data, however, it is commonly observed that the 

distribution of test p-values across genes have inflation close to 0, resulting in an excessive number 

Gene expression matrix

gRNA 1 gRNA 2 gRNA M
1 0 0
0 0 1
1 0 0
0 1 0
0 0 1
0 1 0
1 0 0
0 0 1

Cell-gRNA assignment
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of false positives above the imposed level[74]. To correct for the p-value inflation observed in our 

DE test results, we performed permutation tests to obtain empirical p-values that are calibrated. 

Specifically, for each gRNA condition, we permuted the labels of cells randomly so that they no 

longer correspond to their original treatment conditions and performed the same edgeR DE test for 

each gene. 30 rounds of random permutations were carried out like this, and the p values resulted 

from tests of all genes over all permutations were pooled together to form an empirical null 

distribution. We then used this null distribution to assign an empirical p-value to each gene, 

computed as the proportion of p values in the null distribution that are less than or equal to the 

observed p-value from the original DE test. Given the relatively small numbers of cells and limited 

power, we only considered cis-genes within 500 kb of each targeted SNP and used an empirical p-

value threshold of 0.05 to identify differentially expressed cis-genes. 

After the DE cis-genes were obtained, we further assessed the enrichment of genes that were 

tested as transcriptionally repressed among all discovered cis-genes using Fisher’s exact test. For 

this part, we defined our cis-gene discovery list by varying the cutoff on gene distance from target 

SNPs from 50 kb to 1Mb, and conducted the enrichment test under each cutoff. 

2.3 Results 

2.3.1 OCR and ASoC landscapes in iPSC-derived neuronal cell types 

Because open chromatin often overlaps with regulatory DNA sequence[75], [76], localization 

of disease risk variants within open chromatin regions (OCRs) can help prioritize putative 

functional noncoding risk variants for neuropsychiatric disorders[40], [77]–[79]. However, not all 

the variants within OCRs are functional, and as a result, the enrichment of GWAS signals in OCRs 

is often modest[78]. It thus remains a challenge to precisely identify functional risk variants for 

neuropsychiatric disorders.  
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We first set out to identify functional variants affecting chromatin accessibility, which we 

hypothesize are more likely to influence gene expression in a neurodevelopmental context. We 

mapped the chromatin accessibility profiles in major iPSC-derived neuronal subtypes using 

ATAC-seq, and then conducted a comprehensive ASoC mapping in each cell type to seek a direct 

functional readout of noncoding risk variants for neuropsychiatric disorders. 

To pick informative samples for our ASoC discovery, we derived iPSC lines from 20 subjects 

(Table 2.1) from the MGS cohort, chosen for their enrichment for heterozygous GWAS index 

SNPs (~70/108 SZ loci). These iPSC lines were differentiated into 4 neuronal cell types, and 

ATAC-seq and RNA-seq were performed within each cell line sample. Principal component 

analysis (PCA) of both ATAC-seq and RNA-seq samples showed cell-type-specific clustering (Fig. 

2.3a,b). As expected, OCRs of iPSC-derived neural cells were more similar to those of fetal 

brains[80] and cortical organoids[81], than to PsychENCODE adult brains[78] (Fig. 2.3a). While 

neuronal OCRs overlapped with 45-55% of the PsychENCODE peaks (n = 117,935), they only 

accounted for ~20% of our neuronal OCRs, consistent with the difference in enhancers observed 

between fetal and adult cerebral cortices[81]. 

We then called ASoC variants in each cell type from the ATAC-seq reads (Fig. 2.1). To 

increase power, we adopted a sample-pooling approach[82], [83] after confirming the inter-

individual concordant directionality of the allelic imbalance of candidate ASoC SNPs within each 

cell type. Within each set of core-8 cell lines, we identified 920-2,392 ASoC SNPs (FDR < 0.05) 

in each cell type, with most OCR peaks containing a single ASoC SNP (Fig. 2.3c). 

Comparison across 5 cell types revealed abundant cell-type-specific ASoC SNPs (Fig. 2.3d). 

Using Storey’s π1 analysis[67], we estimated pairwise ASoC SNP sharing and found neuronal cell 

types shared a low percentage with iPSC (10-20%; Fig. 2.3e). For shared ASoC SNPs across cell 
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types, the direction of allelic imbalance was well correlated (R = 0.77-0.95). However, even within 

neuronal cell types, ASoC sometimes differed substantially (30-70% sharing) (Fig. 2.3e), 

suggesting high cell-type specificity of ASoC. 

We inspected in depth whether the observed cell-type specificity of ASoC is driven by cell-

type-specific OCRs or different SNP effect sizes across cell types. About half of the neuronal 

ASoC SNPs do not have enough ATAC-seq coverage in iPSC (Fig. 2.3f). For neuron-specific 

ASoC SNPs that have sufficient read depth in iPSC, we found that most of them have insignificant 

allele imbalance in iPSCs despite being in strong OCRs (Fig. 2.3g), reflecting cell-type-specific 

allelic effects. In fact, about 50% of OCRs containing neuron-specific ASoC SNPs are more active 

in their corresponding neuronal cell type, while the other half showed comparable or even higher 

accessibility in iPSCs (Fig. 2.3h). These results suggest that variations in both OCR intensities and 

SNP effect sizes across cell types contribute to driving cell-type-specific ASoC, highlighting cell-

type-specific regulation in the absence of chromatin state changes. 
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Figure 2.3: Mapping of ASoC variants in iPSC-derived neuronal cell types.  
Data shown are all from core-8 samples. a) PCA of OCR intensities shows a higher similarity between iNs 
and fetal brains/day-30 organoids than postmortem (PTM) adult brain. All were ATAC-seq samples except 
for the fetal brain. b) PCA analysis of RNA-seq samples of the core-8 cell lines in comparison with multiple 
publicly available RNA-seq datasets on iPSC-derived neural cells or brain tissues (see[64] for details). c) 
Distribution of ASoC SNPs within peaks in each cell type. d) Venn diagrams of ASoC SNP overlap in 
different cell types. e) Pairwise π1 estimation of ASoC sharing across cell types. ASoC SNPs were 
ascertained in the leading cell type, and π1 was estimated in the matched ones. f) Sub-categories of ASoC 
SNPs in iN-Glut broken down by their accessibility in iPSC. g) Correlation between allelic ratios in iN-
Glut and in iPSC for iN-Glut ASoC SNPs that have a DP ≥ 20 in iPSC. Data points are colored based on 
their DP in iPSC; the dashed red line represents a linear model fit using all data points. h) Chromatin 
accessibility in iN-Glut vs. iPSC for OCR peaks flanking iN-Glut-specific ASoC SNPs (DP < 20 or p-
value > 0.05 in iPSC). Peaks that fall into the shaded area have comparable (within 2-fold difference) 
accessibility between cell types. 
 

2.3.2 ASoC SNPs are enriched for functional characteristics 

We next examined the genomic/epigenomic features of these ASoC SNPs. As expected, ASoC 

SNPs were enriched in brain promoters and enhancers (Fig. 2.4a). However, compared with shared 
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ASoC SNPs, cell-type-specific ones showed about 2-fold higher enrichment in enhancers (Fig. 

2.4a). 

As the number of detected ASoC SNPs linearly increases with sample size[64], we used ASoC 

SNPs discovered in cell types with 20 cell lines (NPC-20 and iN-Glut-20) to maximize our power 

in our downstream analyses. In total, we identified 5,611 ASoC variants in iN-Glut-20 and 3,547 

ASoC variants in NPC-20, with 1,690 shared between them. 

To validate the functional relevance of ASoC to brain gene regulation, we first jointly 

analyzed our data with other studies of genetic variants associated with brain-specific quantitative 

trait loci for gene expression (eQTL), histone modification (haQTL), and DNA methylation 

(meQTL)[72]. We found that iN-Glut ASoC SNPs were enriched (> 30-fold) for putatively causal 

variants underlying brain eQTL, haQTL, and meQTL (Fig. 2.4b). These results thus support the 

role of ASoCs in regulating brain gene expression. 

To gain insight into the regulatory mechanism of ASoC, we mapped the TF-binding footprints 

from ATAC-seq. In iN-Glut-20 neurons, out of the 5,611 ASoC SNPs, 1,802 (32%) were found 

inside TFBSs, representing a 1.6-fold enrichment (vs. non-ASoC SNPs, Fisher’s exact test, p-value 

= 2.6×10-58), and most ASoC SNPs were within 200 bp of their nearest footprints (Figs. 2.4c,d). 

Footprint analysis using the core-8 samples in each cell type gave similar results[64]. To test 

whether TF-motif disruptions by ASoC SNPs near TF-binding footprints caused matched changes 

of chromatin accessibility, we performed correlation analysis between imbalance of accessibility 

and disruption of TF motif binding at these loci. In iN-Glut-20 and NPC-20 cells, we found 48 

TFs with SNP motif-disruption scores either positively (e.g., SOX9, a known pioneer TF) or 

negatively correlated with the allelic imbalance of ASoC (Figs. 2.4e,f). These results suggest that 

altering TF-binding is an important mechanism for the allelic effect of ASoC variants. 
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We further examined whether ASoC SNPs in each cell type were enriched at TF-binding sites 

of specific TFs. We found somewhat cell-type-specific patterns of enriched TFBSs, and identified 

the enrichment of some crucial TFs including POU3F2/3, EGR3/4, NHLH1, and SP4 in iN-Glut 

(Fig. 2.4g), with SP4 being a SZ risk gene[55]. These results suggest that ASoC SNPs may affect 

the cell-type-specific binding of TFs important for cell fate commitment and neurodevelopment. 

 
Figure 2.4: Characteristics of ASoC SNPs.  
a) Enrichment of ASoC SNPs in the chromatin-state- based annotations of promoter and enhancer. b) 
Enrichment of iN-Glut-20 ASoC SNPs for brain QTLs. c) Averaged ATAC-seq cleavage profiles around 
ASoC SNPs inside (red, n = 1,802) or outside (blue, n = 3,809) predicted TF footprints. The ATAC-seq 
cleavage profiles were generated by piling up the 5’ ends of ATAC-seq reads in 200 bp windows centered 
around the ASoC SNPs. d) Distribution of SNP distance from their nearest TF footprint for ASoC SNPs 
and non-ASoC SNPs in iN-Glut-20. The distance (bp) is defined as from the SNP to the nearest end of the  

a b

c d

fe g
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(Figure 2.4 continued) 
corresponding footprint and presented in in log scale; the average size of a predicted footprint is 12 bp. e) 
Selected TFs with significant correlation (FDR < 0.05) between motif disruption score and ASoC allelic 
imbalance. f) SOX9 as an example of putative chromatin activator showing positive correlation between 
motif disruption score and ASoC allelic imbalance. g) Enrichment of neural ASoC SNPs in footprints of 
specific TFs. Blue: TFs important for neurodevelopment. 
 

2.3.2 Validations of ASoC SNP functions with CRISPR screens 

We further assessed the utility of ASoC for inferring functional noncoding GWAS risk 

variants for neuropsychiatric disorders. Among the 5,611 ASoC SNPs in iN-Glut-20, 21 were 

found to be SZ-associated SNPs or their linkage disequilibrium (LD) proxies at 17 independent 

SZ loci, reflecting a 5.2-fold of enrichment compared with all heterozygous SNPs in these samples 

(Fisher’s exact test, Fig. 2.5a). Using TORUS[71], a statistical method that accounts for the 

uncertainty of GWAS risk variants due to LD, we found that neuronal (iN-Glut-20 or NPC-20) 

ASoC SNPs are highly enriched (~70-fold, p-value = 9.1×10-10) for SZ risk variants, while the 

enrichments in OCRs or other functional annotations are much weaker (< 10-fold) (see [64] for 

details). 
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Table 2.2: Detailed information of iN-Glut-20 heterozygous SNPs that overlap with SZ genome-wide 
significant SNPs and credible SNPs (chromosome positions are in hg38 coordinates). 
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Leveraging the functional information of ASoC SNPs and their observed relevance to SZ 

disease risk, we identified 20 non-MHC ASoC SNPs associated with SZ (Table 2.2) as putative 

SZ causal SNPs, and further assessed their regulatory potential and likely cis-target genes using 

CRISPR screening. Specifically, we used a modified CROP-seq[22] approach on NPCs (n = 3 

lines) stably expressing dCas9/KRAB and repressed the regulatory activities at sequences near 

these ASoC SNPs using targeting gRNAs (3 gRNAs per SNP locus, Fig. 2.2). We analyzed single-

cell RNA-seq of 4,099 cells, of which 2,522 were assigned to unique gRNAs (Figs. 2.5b-d). We 

performed differential gene expression analysis on these uniquely assigned cells, comparing cells 

with a certain gRNA with those in the negative control group using the edgeR-QLF test[73]. We 

further performed permutation tests to calibrate the inflation in test p-values that is commonly 

observed in DE tests on scRNA-seq data[74]. Given the relatively small number of cells per gRNA 

group and the limited testing power, we limited the candidate pool to cis-genes of these targeted 

sites, and used a cutoff of empirical p-value < 0.05 to identify DE genes (Fig. 2.5f). As expected 

from transcriptional repression by KRAB, we observed a trend towards reduced expression in 

identified cis-gene targets, with 15 out of 19 genes within 500 kb of gRNA-targeted sites showing 

reduced expression (p-value = 0.007, binomial test; Fig. 2.5e). In total, 10 ASoC loci were found 

to have cis-targets, 4 of which had targets shared with brain eQTL and/or brain/neural Hi-C[84]–

[86], including 2 with distal targets (APOPT1 and LRP1) supported by long-range Hi-C chromatin 

contacts[64]. Independent multiplex CRISPRi/qPCR validation in NPCs confirmed that repression 

at six of these ASoC loci indeed resulted in reduced expression of their corresponding cis-genes 

(Fig. 2.5g, Table 2.3).  

Among these, ASoC SNP rs2027349 at the VPS45 locus is particularly interesting. Being the 

most significant ASoC in iN-Glut-20 and NPC-20, it is also the only SNP with high PIP (0.45) in 
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its fine-mapping locus (Fig. 2.5i, see [64] for details), and targeting it resulted in a strong repressive 

effect on the expression of VPS45 in CRISPRi (Fig. 2.5g). The regulatory effect of rs2027349 on 

VPS45 was further confirmed by CRISPR/Cas9 allelic editing of two different iPSC lines 

heterozygous at rs2027349 (from A/G to A/A and G/G; Fig. 2.5h). Consistent with A allele being 

associated with increased VPS45 expression (Fig. 2.5j), the rs2027349-flanking OCR in isogenic 

CRISPR-edited A/A lines also showed higher chromatin accessibility compared with the G/G lines 

(Fig. 2.5h). Interestingly, rs2027349 is also within a TF-binding footprint, with its G allele 

predicted to disrupt the motif of EGR3/4 (Fig. 2.5h), TFs involved in neurodevelopment and 

SZ[87]. Taken together, our results highlight rs2027349 as a functional SZ risk variant and VPS45, 

a gene involved in vesicle-mediated protein trafficking and neurotransmitter release[88], as the 

likely risk gene. 
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Figure 2.5: CRISPRi characterization of SZ-associated ASoC SNPs.  
a) Enrichment of iN-Glut-20 ASoC SNPs for SZ GWAS SNPs. b) Number of cells categorized by their 
gRNA content, out of all cells contain a designated type of gRNAs. c) t-SNE plot of the 2,522 cells assigned 
to unique gRNAs, colored by the expression level of NES, which reflects the high purity of the NPC 
population used. d) The proportion of single cells that contained single unique gRNAs as a function of the 
number of expressed genes per cell. e) Enrichment of transcriptional repression in cis-genes of gRNA-
targeting sites from CROP-seq. Shown are p-values of binomial enrichment test at different distance 
intervals. f) Violin/whisker plot showing reduced VPS45 expression in single NPCs with gRNA targeting 
rs2027349 from CROP-seq screening. g) Result of CRISPRi followed by qPCR validation. Relative gene 
expression was normalized to GAPDH in qPCR. P values were derived from Student’s t-test.  
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(Figure 2.5 continued) 
h) CRISPR allelic editing at rs2027349 alters chromatin accessibility of local OCR in isogenic NPC lines. 
The G allele of rs2027349 disrupts the EGR3 motif. (The number of reads immediately around the A allele 
(~100 bp region) is lower presumably due to the predicted stronger TF-binding, while the broader OCR 
peak region in A/A line is more accessible.) i) Genomic location of rs2027349 (VPS45) locus and fine-
mapping result. The left y-axis shows -log10 p-values from SZ GWAS (points above the x-axis), and the 
right y-axis shows PIPs (points below the x-axis, red). j) CRISPR allelic editing at rs2027349 alters VPS45 
expression in NPCs (the most abundant transcript ENST00000369130; by qPCR); expression was 
normalized to GAPDH. 
 

gRNA locus (nearest gene) Cis-gene CROP-seq 
empirical p-value 

qPCR 
p-value 

Orthogonal 
evidence 

rs10933 (PBRM1) GNL3 0.027 9×10-8 eQTL, Hi-C 

rs10933 (PBRM1) ALAS1 0.024 2×10-3 eQTL, Hi-C 

rs2027349 (VPS45) ANP32E 0.014 2×10-3 eQTL, Hi-C 

rs2027349 (VPS45) VPS45 7.8×10-3 4×10-3 eQTL, Hi-C 

rs2027349 (VPS45) SF3B4 2.7×10-3 8×10-3 eQTL, Hi-C 

rs2192932 (KMT2E) PUS7 0.047 2×10-3 Hi-C 

rs7148456 (BAG5) APOPT1 0.02 2×10-3 eQTL, Hi-C 

rs6071578 (PPP1R16B) FAM83D 4.8×10-4 4×10-3  

rs11633075 (UBE2Q2P1) ZSCAN2 0.034 0.03 eQTL 
Table 2.3: SZ-associated ASoC loci with CROP-seq cis-target genes verified by qPCR assay. 
 

2.4 Discussion 

We have provided a snapshot of the ASoC landscape in an iPSC-based neurodevelopmental 

model and demonstrated that ASoC is a direct functional readout of noncoding risk variants for 

brain disorders/traits. The enrichments of neuronal ASoC SNPs for brain enhancers, TFBSs, and 

brain QTLs suggest mechanistic links between chromatin accessibility and gene expression. Given 

the strong enrichment of ASoC variants for GWAS signals of SZ and other brain disorders/traits, 

our study suggests that neuropsychiatric disease risk variants frequently alter chromatin 

accessibility and provide a useful resource for functional interpretation of noncoding disease risk 

variants.  
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Through a combination of statistical testing and experimental validation, we discovered 

several functional SZ risk SNPs and their cis-regulating genes. These discoveries warranted future 

functional follow-up to establish their plausible disease causality. A recent follow-up study 

revealed that editing at the strongest ASoC SNP (rs2027349) near VPS45 altered the expression of 

three cis-genes, which in turn, had a compound effect on synaptic development and function in 

neurons, establishing a direct link between this SZ risk variant and disease-related cellular 

phenotypes[89]. 

Allelic imbalance of chromatin accessibility has proven to be a useful functional readout that 

is more informative than open chromatin regions. Therefore, it is crucial to maximize the mapping 

power of ASoC for cell types of interest. After evaluating how the sensitivity of detecting ASoC 

varies with SNP effect sizes and read depth, we concluded that our study has excellent power to 

detect ASoC with moderate to strong OCR signal (reads > 100; our median read-depth = 59). And 

by including those OCRs and SNPs with read depth of 20-100, we expected to capture ASoC SNPs 

with relatively weak OCRs but strong SNP effect sizes. However, due to the relatively small 

sample size, our power of ASoC mapping is limited for SNPs with low coverage and effect sizes, 

especially for cell types with only 8 sequenced samples. This limited the types of comparisons that 

can be made between cell types, which could potentially shed light on the key regulatory 

mechanisms differentiating various neuronal subtypes. Deep sequencing of samples rich in 

heterozygous SNPs (that target genome regions near important genes) may improve the power of 

ASoC mapping. 

Prioritizing functional disease risk variants and pinpointing causal variants has always been a 

challenge because a GWAS locus often contains numerous common SNPs associated with the trait 

due to LD. In our study, we prioritized non-coding disease variants by intersecting our neuronal 
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ASoCs with GWAS SZ index SNPs. Although statistical fine-mapping that leverages ASoC 

information was later used to interpret our findings from CRISPRi screening, it could be applied  

at an earlier stage to further narrow down the putative GWAS causal SNPs. This approach can be 

utilized to relieve the burden for experimental screening, especially when there remain many 

candidates. 

We assessed the regulatory functions of tagged sequences of putative SZ causal SNPs using 

multiplexed CRISPRi screen followed by single-cell RNA-sequencing (CROP-seq), which has the 

benefit of higher throughput and resolution compared with traditional CRISPR screen assays. To 

identify affected genes under each perturbation based on the transcriptomic readout of single cells, 

we experimented with several routine differential expression methods in addition to the adopted 

edgeR-QLF test, including the Wilcoxon rank sum test, edgeR-LRT test[73], DESeq2[90], and 

MAST[91]. However, we found that routine DE approaches tend to be under-powered when 

applied to single-cell screening data, which limited us to only consider cis-genes of targeted 

regions and use a relatively lenient cutoff on test statistics without multiple correction. We believe 

this lack of detection power, especially for trans-effects, is due to several reasons. First of all, as 

CRISPRi interference merely repressed the activity of putative regulatory regions instead of 

introducing gene-level knockouts, the effect sizes imparted are relatively small. Likewise, trans-

regulatory effects of genetic variants, being mediated through genes, are generally small in effect 

size as well, as reflected by the difficulties in trans-eQTL mapping[92]. Secondly, because of low 

gRNA efficiency, relatively small numbers of cells (in our case < 100) are assigned to a gRNA. 

Therefore, one needs to increase the number of single cells in the experiment or use a high MOI 

design[23] to increase the sample size for each gRNA group. Thirdly, compared with bulk RNA-

seq, scRNA-seq data are sparse and noisy in nature, and require careful data normalization and 
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statistical modeling with proper assumptions that can better uncover the true signals without 

introducing artifacts to the data[29], [93], [94]. Given these challenges and the increasing interest 

of the research community in single-cell CRISPR screen, novel statistical analysis appropriate for 

this type of data will be extremely useful. This prompted the third chapter of my PhD research.  
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CHAPTER 3: A NOVEL BAYESIAN FACTOR ANALYSIS 

METHOD FOR SINGLE-CELL CRISPR SCREENING DATA1 

3.1 Introduction 

In this chapter, we continue the studying of genetic variations, focusing on understanding their 

effects on the transcriptome through single-cell RNA-sequencing (scRNA-seq) combined with 

CRISPR screening. As introduced in Chapter 2, the CRISPR-Cas9 genome engineering system is 

a powerful tool that can manually introduce genetic perturbations and screen for genes of important 

biological functions. Technologies such as CROP-seq[22] and Perturb-seq[21] have further 

improved the power of CRISPR by combining multiplexed CRISPR screening with scRNA-seq. 

By linking guide RNAs (gRNAs) to single cell transcriptomes, these technologies provide high-

content molecular readouts of the target perturbations within single cells. Single-cell CRISPR 

screening technologies have found many applications, for example, in studies of developmental 

regulators, genes involved in immune responses, and regulatory elements involved in human 

diseases[23]–[25], [95]. 

Nevertheless, the analysis of single-cell CRISPR screening data remains challenging. A 

routine strategy for analyzing gene expression data is differential expression analysis, whereby the 

effects of genetic perturbation on the transcriptome are assessed one gene at a time[73], [90]. 

However, as we have observed in Chapter 2, when applied to single cell screening data, this type 

of analysis can be under-powered due to the sparsity and noise inherent to scRNA-seq data, as well 

as the relatively small numbers of cells (often hundreds) per perturbation in typical experiments. 

 
1 Much of this chapter contains material from the preprint: Zhou et al., “A novel Bayesian factor analysis method 
improves detection of genes and biological processes affected by perturbations in single-cell CRISPR screening,” 
bioRxiv, doi: https://doi.org/10.1101/2022.02.13.480282. 
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Another commonly used analysis is to cluster cells based on their transcriptome similarity, and 

then assess whether cells with a specific perturbation are enriched or depleted in any cluster[95], 

[96]. However, this clustering-based approach has several limitations. CROP-seq studies often use 

relatively homogenous populations of cells to minimize variation across cells and increase the 

power of discovering transcriptional effects; thus, it can be challenging to partition cells into 

distinct clusters. Furthermore, the clustering approach does not explicitly link the perturbations 

with the affected genes, limiting our understanding of the downstream effects of the perturbations. 

Given the limitations of standard differential expression and clustering-based analyses, rigorous 

statistical methods that accommodate the unique features and complexities of single-cell CRISPR 

screening data are greatly needed. 

We propose to infer gene modules from scRNA-seq data, and borrow information across 

genes to improve the power of detecting differentially expressed genes. This proposed approach is 

motivated by the observation that genetic perturbations typically affect expression, not one gene 

at a time, but many related genes simultaneously. Indeed, transcriptomes often vary across cell 

types, conditions, and individuals in a modular fashion, reflecting the underlying coordinated 

regulation of genes in the same or related pathways. These gene modules can be inferred by matrix 

factorization and related techniques (introduced in Section 3.2). Existing factor analysis methods, 

however, are not readily applied to single-cell CRISPR screening data, as the factors are not 

directly linked with genetic perturbation, and the effects of perturbation on the expression of 

individual genes are not assessed (more discussion in Section 3.5).  

In Section 3.3, we present Guided Sparse Factor Analysis (GSFA), a statistical framework for 

analyzing single-cell CRISPR screening data that bridges factor analysis and differential 

expression analysis. GSFA assumes the effects of genetic perturbations are mediated through a set 
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of gene modules representing biological pathways or functional units, and captures them 

mathematically as latent factors. GSFA evaluates associations of the genetic perturbations with 

these latent factors, providing information on the module-level effects of the perturbations. 

Compared with single-gene level differential expression analysis, this factor association analysis 

may be more sensitive. Indeed, expression of a single gene is noisy, and is influenced by potentially 

many sources. In contrast, latent factors represent the main dimensions of variation of many genes, 

and can be thought of as “denoised” versions of gene expression, possibly improving the detection 

of the effects of perturbations. While our approach is formulated in terms of latent factors, we can 

still summarize the effects of a perturbation on individual genes as the sum of effects mediated by 

all the factors. We benchmarked our method through extensive simulation studies and real data 

applications in Section 3.4. Overall, GSFA identifies biologically relevant modules, and has better 

power to detect differentially expressed genes (DEGs) than alternative methods, providing novel 

insights into the molecular mechanisms of important biological processes such as regulation of T 

cell activation and neuronal differentiation. 

3.2 Matrix Factorization Methods for High-Dimensional Genomics Data 

High-throughput omics technologies have generated an unprecedented amount of high-

dimensional data that record measurements of features such as gene expression, methylation, and 

protein concentration levels in individual samples. While these high-dimensional datasets provide 

researchers with comprehensive measures of cellular response, they also demand statistical 

methods that can effectively analyze and interpret the data. Oftentimes, samples in these datasets 

are not independent, but instead share similar phenotypes based on their tissue types, cell types, 

experimental replicates, etc. Patterns of relatedness are also prevalent among biological features, 

for example, genes in the same biological pathway tend to have co-regulated expression levels. 
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These modular structures make it possible to represent high-dimensional omics data in a lower 

dimensional subspace via statistical methods. One class of unsupervised methods, matrix 

factorization, can perform such mappings linearly and learn the lower dimension structures from 

the original data[97]. For a typical omics data matrix Y that holds the measurements across N 

samples and P features, matrix factorization methods learn an N´K matrix Z that describes the 

relationship between samples, and a P´K matrix W that describes the relationship between features, 

with K here being the number of factors, or the rank or dimensionality of the matrix factorization 

problem. E is an error term matrix that holds the residual errors that cannot be explained by factors: 

                                      𝒀 = 𝒁𝑾𝑻 + 𝑬.                                                  ( 1 ) 
 

In the context of transcriptomics data where Yij represents the expression level of gene j in 

sample i, each factor usually represents a set of genes with coordinated expression levels, i.e., a 

gene module. We refer to W as the gene loading matrix. The values in each column of W are gene 

weights that reflect the contribution of genes in each factor, and can be used to associate the factor 

with biological processes or functional pathways under certain model specifications. Z is a lower 

dimensional representation of the samples, with each row describing how active the factors are in 

each sample, therefore, we call Z the factor loading matrix. Through methods such as clustering 

analysis on Z, the relationships among samples can be learned.  

Numerous matrix factorization methods have been applied to omics data, assuming different 

properties on the factor and loading matrices to facilitate the downstream interpretation of different 

biological problems. Here, we attempt to provide an overview of some major classes of matrix 

factorization methods for genomics data. 
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3.2.1 Overview of matrix factorization methods 

Principal components analysis (PCA) is a popular matrix factorization method that finds a set 

of orthogonal principal components (PCs) as the projection of the original data, with each PC 

capturing the maximal variance possible[98]. By only keeping the first few principal components, 

it can reduce dimensionality of the original data while preserving as much variation as possible. 

The top PCs can be computed via truncated singular value decomposition (SVD) of the observed 

data matrix. Assuming that Y is column-centered, a rank-K truncated SVD of Y is 

   𝒀 = 𝑼𝑫𝑽,.       ( 2 ) 
 
Then the columns of UD are equivalent to the top K PCs, while the columns of V are the K 

eigenvectors of the covariance matrix of Y that correspond to its K largest eigenvalues, and can be 

interpreted as the feature loadings to PCs. Relating this to matrix factorization, PCA can be 

interpreted as the least square solution for Equation (1) under the constraints that columns of Z are 

orthogonal and columns of W are orthonormal.  

PCA has been widely used for processing and interpreting high-dimensional genomics data, 

such as exploratory analysis for latent structures (e.g. clusters) among samples, and identification 

of genes that distinguish between samples. By associating the inferred PCs with observed 

covariates of the samples, one can identify key sources that influence the variation in data. 

However, PCA is conceptually different from factor analysis. By construction, the PCs are 

orthogonal components that maximize variability, and therefore, are determined by the observed 

variables, while factor analysis finds latent factors that cause the responses in observed variables. 

The results of PCA also lack in interpretability as the loadings produced are usually dense, which 

means the PCs do not correspond to individual biological processes, but instead, are mixtures of 

multiple processes[97]. 
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Non-negative matrix factorization (NMF) is another group of methods that has found wide 

application in genomics data, for example, in sample clustering and detection of genes that 

differentiate sample groups. It is particularly suited for interpreting transcriptome and methylome 

data[99], [100], as it requires the input data to be non-negative, and finds a non-negative matrix 

factorization of rank K that best approximates the input matrix. Typically, a loss function of the 

Frobenius norm (Equation 3) is used, and NMF is equivalent to fitting (1) with normal errors under 

the constraints that both the factor and feature loading matrices are non-negative, although 

alternative formulations of NMF exist[101]. 

        min
𝒁,𝑾

‖𝒀 − 𝒁𝑾,‖0# 	𝑠. 𝑡. 𝒁 ≥ 𝟎,𝑾 ≥ 𝟎.    ( 3 ) 

  
Since each observed sample (a row of Y) is now approximated by a linear combination of 

components with non-negative weights given by each row of Z, this is compatible with the intuitive 

notion that an addition of parts form an entirety[102]. Therefore, in contrast to PCA, where the 

components are ranked solely by the variance they explained, NMF tends to learn equally 

important biological processes that make up the observed data. Despite being more intuitive, 

however, the NMF problem is computationally hard as the factorization is not unique. The non-

negative constraint on input also makes NMF less flexible than other matrix factorization models, 

and the construction of non-negative gene weights limits the identification of genes to only those 

that are overexpressed in components, but not the ones that are repressed[97]. 

Factor analysis (FA) is a class of statistical methods that infers low-rank components from 

high-dimensional data using a generative model with specific assumptions on the probabilistic 

distributions of its components. Extending on Equation (1), classic FA assumes a generative model 

where the rows of Y and Z are independently and identically distributed (Equation 4). The 

marginal distributions of elements in Z are assumed to be standard normal, and the conditional 
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distribution of each row of Y is a multivariate Gaussian with diagonal residual covariance that 

allows for column-wise variances[103]. Therefore, FA learns the latent factors that drive the 

observe variable response, and given these factors, the observed variables are independent. 

       𝑦! ∼ 𝑁(𝑾𝑧! , 𝚺), 𝚺 = diag(𝜎"#, … , 𝜎$#), 𝑧! ∼ 𝑁(0, 𝐈1).                            ( 4 ) 
 

As with NMF, classic FA faces the challenge of unidentifiability, in that factor and gene 

loading matrices are unique only up to an orthogonal transformation. And similar to PCA, the 

loadings inferred in FA are mostly nonzero, making it difficult to gain biological interpretation. 

Just like how variable selection can help obtain identifiable and parsimonious models for high-

dimensional linear regression problems, these issues in matrix factorization can be mitigated in the 

same way by introducing sparsity on the factor or gene loading matrices, such that only the most 

representative genes have nonzero loadings to factors, and each sample consists of only a few 

factors. In practice, sparsity can be induced by adding regularizations or priors to Z and W, giving 

rise to frequentist or Bayesian variations of sparse factorization methods based on PCA, NMF or 

FA. The collective of these methods have not only extended the knowledge on factor model 

solutions, but also contributed substantially to the interpretation of complex genomics data. 

3.2.2 Sparse matrix factorization with regularization 

Regularization using penalties such as the l1 norm (lasso) is a frequentist variable selection 

approach to achieve model parsimony. Similar to penalized regression, sparse PCA[104] can 

obtain PCs with sparse loadings by writing PCA in a regression-type optimization problem, and 

subjecting the feature loadings (B) to elastic net penalty terms that allow for different tuning 

parameters per component (Equation 5).  

P𝑨5$×1 , 𝑩5$×1R = argmin
3,4

h ‖𝑦! − 𝑨𝑩,𝑦!‖#
5

!6"
+𝜆h ‖𝑏*‖#

1

*6"
+h 𝜆",*‖𝑏*‖"

1

*6"
 

subject	to	𝑨𝑻𝑨 = 𝐈1.        ( 5 ) 
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Sparse SVD can be achieved by adding adaptive lasso penalty terms that contain data-driven 

weights on elements in both the left and right singular vectors, which results in the biclustering of 

both samples and features[105]. The regularized NMF framework suggested in[106] 

accommodates for a variety of penalty terms on one of the lower-rank matrices while fixing the 

scale of the other unregularized matrix. In addition to detecting the underlying modular structures, 

applications of these regularized methods on gene expression data better capture lower-rank 

components that can be biologically annotated using methods such as gene set enrichment 

analysis[99], [106]. PLIER (Pathway-level information extractor)[107], another method built upon 

PCA, further improved the interpretability of PCs by directly incorporating existing biological 

knowledge into the constraints on gene loadings such that they align as much as possible with, for 

example, a series of gene sets that represent known biological pathways.  

However, the increase in interpretability comes with a cost. The addition of penalty terms 

constrains the problem to an optimization one, where iterative algorithms such as coordinate 

descent are typically needed to find the solutions. This optimization problem becomes even more 

challenging when non-convex penalties (e.g. lq pseudo-norm, 0 < q < 1) are involved. Moreover, 

since there lack analytical solutions for the regularization tuning parameters, their values have to 

be determined empirically through model evaluation methods such as cross validation[108]. Hence, 

figuring out the best combination of tuning parameter settings can be computationally intensive, 

especially when multiple parameters are involved.  

3.2.3 Bayesian sparse factor analysis 

Model sparsity can also be achieved in the Bayesian framework using shrinkage priors,  many 

of which have been proven to have performance comparable to or better than their frequentist 

counterparts in linear regression[109], [110]. By specifying a sparse prior distribution on the model 
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parameters, the Bayesian approach fits naturally in with generative models such as factor analysis, 

shrinking the elements in loading matrices toward zero. A simple form of shrinkage is assuming a 

normal prior on the parameters of interest, the posterior mean of which is effectively the estimate 

for ridge regression[111]. When applied to the factor loadings in factor analysis (Equation 6), this 

leads to strong shrinkage of elements in Z toward 0 wherever it is consistent with the data, 

producing more interpretable results than PCA[112]. 

𝑌!& ∼ 𝑁((𝒁𝑾,)!& , 𝜓!)"),  𝑍!* ∼ 𝑁(0, 𝜎!*# )         ( 6 ) 
 

Another category of commonly used shrinkage priors are normal-mixture related priors. An 

initial form proposed in [113] is in fact a “spike-and-slab” prior, which models a variable as 

coming from a discrete mixture of a point mass at zero (the spike) and a normal distribution that 

is also centered at 0 (the slab) (Equation 7). The mixture proportion for the normal distribution, π, 

can be interpreted as the prior probability that the variable is non-zero, or that the corresponding 

predictor should be included in the mode. Therefore, the estimate of 1-π reflects the sparsity level 

of the final model. 

𝑔(⋅) = 𝜋𝑁(⋅; 0, 𝜎"#) + (1 − 𝜋)𝛿'(⋅)                                       ( 7 ) 
 
When imposed on the gene loading matrix in gene expression data, for example, the spike-and-

slab prior shrinks the loadings of genes with small effects to exact zeros, resulting in more 

interpretable factors that are only linked to a number of genes[114]. Placing spike-and-slab priors 

on elements in both the factor and feature loading matrices allows for biclustering of both samples 

and features, which has proved useful in data-driven detection of linear structure present in gene 

expression and other sources of data[115]. The “normal-mixture” prior[116] is a continuous 

version close to the spike-and-slab prior. It consists of two normal densities centered at 0 but with 

different variances (Equation 8), where one of the variances is a smaller number that serves similar 
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effects as the spike in inducing sparsity in data, pulling small effects close to but not exactly 0, 

while preserving larger effects, offering more flexibility than the spike-and-slab prior:  

𝑔(⋅) = 𝜋𝑁(⋅; 0, 𝜎"#) + (1 − 𝜋)𝑁(⋅; 0, 𝜎##).               ( 8 ) 
 
Shrinkage priors that are even more flexible than the two-component normal-mixture prior also 

exists. For example, the adaptive shrinkage (“ash”) prior, which is a unimodal prior that assumes 

a mixture of point mass at zero and normal distributions with zero means (Equation 9), can not 

only adapt for the sparsity level, but also capture the tail behavior of non-zero effects in the data 

through the grid of variances[117]. Application of the ash prior in factor analysis allows the model 

to adapt to any combinations of sparsity in the factor and feature loadings[118], outperforming 

other frequentist approaches in structure detection and factor interpretability. 

𝑔(⋅) = 𝜋'𝛿'(⋅) + ∑ 𝜋*𝑁(⋅; 0, 𝜎*#)* .               ( 9 ) 
 

Under the Bayesian framework, parameters in these sparse priors can be estimated together 

with other model parameters, either using “full Bayes” solutions[59], [114]  or via empirical Bayes 

methods[118], [119]. In other words, parameters that control shrinkage in sparse factor models are 

learnt from data and estimated by sampling from the posterior distributions, while frequentist 

regularization approaches rely on cross validation to determine the penalty parameters. For this 

reason, it is also easy to obtain the uncertainty of these parameters from the posterior samples. In 

addition, the posterior estimates often have intuitive interpretations, for example, the posterior 

inclusion probability (PIP) directly reflects how likely a variable is included in the true model 

given the observations. Finally, in contrast to the optimization problems in the frequentist 

framework, the inference of Bayesian model parameters usually relies on Markov chain Monte 

Carlo (MCMC)[120], the implementation of which is relatively easy regardless of whether the 
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shrinkage priors correspond to convex or non-convex penalties, providing more flexibility in the 

choice of priors[121]. 

Choosing the optimal latent dimensionality (K) has always been a challenge in matrix 

factorization problems[97]. Although model selection can be used to compare models of different 

dimensionalities, it still requires a specific range of K’s to search over manually. Under the 

Bayesian framework, this matter can be addressed by nonparametric modeling of the latent 

structure or the introduction of infinite number of factors followed by increased shrinkage on their 

loadings[114], [122], [123]. 

Overall, Bayesian sparse factor analysis with its model flexibility and straightforward 

implementation, has found wide application in the interpretation of high-dimensional genomics 

data. Various forms of sparse priors can be applied to accommodate different latent structures 

underlying the data. One needs to carefully consider the dataset in hand and the questions in mind 

when choosing the appropriate factorization method, as they each have strengths and weaknesses 

under distinct biological contexts. 

3.3 Guided Sparse Factor Analysis (GSFA) 

Here, we describe GSFA, a Bayesian sparse factor analysis model tailored for analyzing 

single-cell CRISPR screening data that unifies factor analysis and estimation of the effects of target 

perturbations. GSFA assumes that the perturbation of a target gene affects certain latent factors, 

which in turn changes the expression of individual genes. In addition to the sparse priors imposed 

on the gene loadings, GSFA adds a second layer to the factor analysis model that links the factors 

to the perturbations via a multivariate linear regression. In this way, GSFA can detect interpretable 

gene modules and DEGs affected by genetic perturbations for a large number of cells and multiple 

perturbations simultaneously. GSFA can also accommodate different cell types or multiple 
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experimental conditions, where it estimates the effects of perturbation separately and produce 

different DEGs for each cell type/condition. GSFA is implemented in R with Rcpp acceleration, 

and distributed as a freely available R package at Github: https://github.com/gradonion/GSFA. 

3.3.1 The GSFA model 

The input of GSFA consists of two matrices: a normalized gene expression matrix YN×P with 

N cells and P genes, and a “perturbation matrix” GN×M that records M types of genetic perturbations 

in those N cells. In the simplest case, the perturbation matrix is binary, i.e., Gij is 1 if cell i has the 

m-th type of perturbation and 0 otherwise, but this is not strictly required by the model, e.g., G 

might represent the dosage of genetic perturbations. Under the assumptions mentioned above, the 

GSFA model has two main parts: (1) a sparse factor analysis model that decomposes the expression 

matrix Y into a factor matrix ZN×K, where K is the number of factors, and a sparse gene loading 

matrix WP×K, and (2) a multivariate linear model that captures the dependency of factors (Z) with 

the perturbation matrix G, which makes our model is a form of “guided” factor analysis (Fig. 3.1): 

        𝐘 = 𝐙𝐖, + 𝐄, 𝐸!& ∼ 𝑁P0, 𝜓&R,      ( 10 ) 

          𝐙 = 𝐆𝛃 +𝚽,𝜙!* ∼!.!.8 𝑁(0,1)      ( 11 ) 

Here E is an N×P residual matrix with gene-specific variances stored in a P-vector ψ, β is an M×K 

matrix of perturbation effects on factors, and Φ is an N×M residual matrix with variance 1. 
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Figure 3.1: Schematic of the GSFA model and its application on real data.  
Top: the input of GSFA includes the perturbation matrix and the gene expression matrix; bottom: the output 
of GSFA includes the effects of perturbations on factors (β), the gene loading matrix (W), and the list of 
genes affected by each perturbation after LFSR thresholding. 
 

We assume that each genetic perturbation likely affects only a small number of factors, and 

impose a spike-and-slab prior on the effect of perturbation m (1≤m≤M) on factor k (1≤k≤K): 

𝛽9* ∼ 𝑝9𝑁(0, 𝑑9# ) + (1 − 𝑝9)𝛿',     ( 12 ) 
 
where δ0 is delta-function, pm denotes the proportion of factors affected by perturbation m, and dm 

the prior variance of the effect sizes of perturbation m. 

To limit the number of genes contributing to a factor and facilitate the biological interpretation 

of factors, we also impose a sparse prior on the gene loading matrix W. We evaluated two choices, 
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the standard spike-and-slab prior, and a normal-mixture prior[116], where the effect is sampled 

from a mixture of two normal distributions, one “foreground” component capturing true effects, 

and the other a “background” component absorbing small effects that is not necessarily a point 

mass at 0. This comparison is motivated by a well-known problem in count-based RNA-seq data 

analysis: because the total read count in a sample is fixed, activation of some genes indirectly 

reduces the read counts in all other genes, resulting in weakly correlated expression across many 

genes. Thus, even when a factor affects only a small set of genes, it may appear to be correlated 

with many other genes, making it hard to infer sparse factors. A normal-mixture prior may help 

address this problem, because of its “background” component with small effects. Indeed, it shows 

better results in our simulations compared with the spike-and-slab prior (see Section 3.4.1), so is 

used as our default prior. Specifically, the prior weight of gene j in the factor k follows: 

     𝑊&* ∼ 𝜋*𝑁(0, 𝜎*#) + (1 − 𝜋*)𝑁(0, 𝜎*#𝑐*#), 0 < 𝑐* < 1    ( 13 ) 
 
where πk represents the proportion of genes affected by the factor k (the “foreground” part), and 

σk2 the prior effect size variance of factor k, and ck a scale parameter controlling the relative size 

of the foreground and background effects. 

We also specified conjugate prior distributions for other parameters in the model as follows: 

𝜓&)" ∼ Gamma(𝑔', ℎ'), 

𝜋* ∼ Beta(𝑠:𝑟: , 𝑠:(1 − 𝑟:)), 

𝜎*)# ∼ Gamma(𝑔: , ℎ:), 

𝑐*)# ∼ Gamma(𝑔; , ℎ;), 

𝑝9 ∼ Beta(𝑠<𝑟< , 𝑠<(1 − 𝑟<)), 

𝑑9)# ∼ Gamma(𝑔< , ℎ<). 
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In practice, we set the hyperparameters of priors for the variance parameters to g0 = 1, h0 = 1, gw 

= 1, hw = 1, gc = 3, hc = 0.5, gb = 1, hb = 1, such that their prior means are all 1 other than c�k2=
1
6
. 

For parameters that reflect the sparsity levels, πk and pm, tuning the hyperparameters in their prior 

distributions may influence the estimated sparsity outcomes of the model to various extents, and 

should be set accordingly based on the dimensionality of data and the amount of shrinkage one 

expects. We set sw = 50 and rw = 0.2 when the number of genes is 6000, so that the prior mean for 

πk is 0.2. rb is set to 0.2 so that the prior mean for pm is 0.2; in simulations where we have 10 factors, 

sb = 5, and in real data applications where 20 factors are specified, sb = 20. 

3.3.2 Full Bayesian inference using Gibbs sampling 

We infer the parameters in GSFA using Gibbs sampling, an MCMC algorithm that obtains a 

sequence of approximate samples from their posterior distribution given the observed data. Gibbs 

sampling is an attractive choice here because the conditional distributions of the main parameters 

(β, W, and Z) all have analytic forms, so do the hyperparameters with conjugate priors.  

To see this, we first consider the conditional distribution of W given data and all other 

parameters/variables. For simplicity, we drop the hyperparameters and parameters related to the 

error terms. It’s easy to see that given Z, the conditional distribution of W does not depend on G 

and β: P(W|Y, G, Z, β) = P(W|Y, Z). The problem now becomes one of multivariate linear 

regression, Y=ZWT+E, where W follows a spike-and-slab prior. This is a well-studied problem in 

the statistics literature[124], [125]. Similarly, we can see that the conditional distribution of β is 

given by: P(β|Y, G, Z, W) = P(β|G, Z). This reduces to a regression problem Z = Gβ + Φ, where 

β follows a normal-mixture prior. Finally, the conditional distribution of Z is given by:  

𝑃(𝐙|𝐘, 𝐆,𝐖, 𝛃) ∝ 𝑃(𝐙|𝐆, 𝛃) ⋅ 𝑃(𝐘|𝐙,𝐖). 
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This is another regression problem Y = ZWT + E, where each row of Z represents the unknown 

linear coefficients with a normal prior, Zi ∼ N(Giβ, IK), for sample i (1≤i≤N). 

To facilitate computation, we also introduced two latent binary matrices, FP×K and γM×K, to 

indicate which distributions the corresponding parameters in W and β come from. The joint prior 

distribution of W and F follows: 

𝑃P𝑊&*|𝐹&* = 1R𝑃P𝐹&* = 1R = 𝑁P𝑊&*; 0, 𝜎*#R ⋅ 𝜋* , 

𝑃P𝑊&*|𝐹&* = 0R𝑃P𝐹&* = 0R = 𝑁P𝑊&*; 0, 𝜎*#𝑐*#R ⋅ (1 − 𝜋*). 

The joint prior distribution of β and γ can be written as: 

𝑃(𝛽9*|𝛾9* = 1)𝑃(𝛾9* = 1) = 𝑁(𝛽9*; 0, 𝑑9# ) ⋅ 𝑝9, 

𝑃(𝛽9*|𝛾9* = 0)𝑃(𝛾9* = 0) = δ'(𝛽9*) ⋅ (1 − 𝑝9). 

Now we describe the detailed Gibbs sampling update rules in GSFA. To obtain posterior 

samples for β and γ, we update βmk and γmk (1≤m≤M, 1≤k≤K) in pairs. We first sample γmk 

from a Bernoulli distribution where the success rate is determined by the product of two ratios: the 

ratio of two marginal likelihoods, and the prior ratio: 

𝑃(𝛾9* = 1| ⋅)
𝑃(𝛾9* = 0| ⋅) =

𝑃(𝐙|𝛾9* = 1, 𝐆, 𝜷)9* , 𝜸)9* , 𝒅#)
𝑃(𝐙|𝛾9* = 0, 𝐆, 𝜷)9* , 𝜸)9* , 𝒅#)

⋅
𝑃(𝛾9* = 1|𝑝9)
𝑃(𝛾9* = 0|𝑝9)

 

= �
𝐿9*
𝑑9#

expG
𝜇9*#

2𝐿9*
J ⋅

𝑝9
1 − 𝑝9

	. 

Here 𝜇9* = 𝐿9* ∑ 𝐺!9(𝑍!* − ∑ 𝐺!>𝛽>*>:>@9 )5
!6" 	and 𝐿9* = (∑ 𝐺!9#5

!6" + 𝑑9)#))". 

After γmk is updated, we then sample βmk from 

𝛽9*|𝛾9* = 1 ∼ 𝑁(𝜇9* , 𝐿9*), 

𝛽9*|𝛾9* = 0 ∼ 𝛿'. 
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For the remaining parameters, we draw their posterior samples from the following posterior 

distributions: 

𝑊&⋅| ⋅	∼ 𝑁(P𝐙B𝐙 + 𝐃&R
)"𝐙,𝑌⋅& , 𝜓&P𝐙B𝐙 + 𝐃&R

)"),  

where 𝐃& = diag( C!
D"#[0!"FG")0!"H;"#]

, … , C!
D$
# [0!$FG")0!$H;$

# ]
), 

𝐹&*| ⋅	∼ Bernoulli( J!%
J!%F"

), where 𝑟&* =
(%

")(%
𝑐*exp �

K!%
#

#D%
# (

"
;%
# − 1)�, 

𝑍!⋅| ⋅	∼ 𝑁(𝜇! , Σ),  

where 𝜇! = Σ ⋅ (𝐖B𝚿)"𝑌!⋅ + 𝛃𝐺!), Σ = (𝐖B𝚿)"𝐖+ 𝐈1))", and 𝚿 = diag(𝜓", … , 𝜓$). 

𝜓&| ⋅	∼ InverseGamma(𝑔' +
5
#
, ℎ' +

"
#
∑ P𝑌!& − ∑ 𝑍!*𝑊&*1

*6" R#5
!6" ), 

𝜋*| ⋅	∼ Beta(𝑠:𝑟: + ∑ 𝐹&*$
&6" , 𝑠:(1 − 𝑟:) + 𝑃 − ∑ 𝐹&*$

&6" ), 

𝜎*#| ⋅	∼ InverseGamma(𝑔: +
$
#
, ℎ: +

"
#
∑

K!%
#

0!%FG")0!%H;%
#

$
&6" ), 

𝑐*#| ⋅	∼ InverseGamma(𝑔; +
"
#
∑ (1 − 𝐹&*)$
&6" , ℎ; +

"
#
∑

K!%
#

D%
#&:0!%6' ), 

𝑝9| ⋅	∼ Beta(𝑠<𝑟< + ∑ 𝛾9*1
*6" , 𝑠<(1 − 𝑟<) + 𝐾 − ∑ 𝛾9*1

*6" ), 

𝑑9# | ⋅	∼ InverseGamma(𝑔< +
"
#
∑ 𝛾9*1
*6" , ℎ< +

"
#
∑ 𝛽9*#1
*6" ). 

The computational complexity of the Gibbs inference is O(N(P+M)K) per iteration, with N 

being the number of cells, P being the number of genes, M being the number of perturbations, and 

K being the number of factors. The average run time on a simulated dataset of 4000 cells, 6000 

genes, and 10 factors is 1.32 seconds per iteration on a modern Linux workstation with Intel Xeon 

E5-2680 v4 (2.40 GHz) processors. 
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3.3.3 Posterior inclusion probabilities and summary of perturbation effects on 

individual genes 

For any parameter with sparse prior, the probability that its value is non-zero or comes from 

the foreground component, is denoted as the posterior inclusion probability (PIP). PIPs can be 

easily obtained from the posterior distribution. The PIP of βmk quantifies whether a perturbation 

affects a certain factor, and can be computed from the posterior mean of γmk: 

PIP(βmk) := Pr(βmk≠0|Data)	=	Pr(γmk=1|Data). 

The PIP of Wjk quantifies whether a gene has loading on a factor, which, in our case, also means 

the probability of Wjk coming from the “foreground” normal distribution given data, and can be 

computed from the posterior mean of Fjk: 

PIPPWjkR := PrPWjk	comes	from	larger	effect|DataR	=	PrPFjk=1|DataR. 

The sparse factors inferred can then be interpreted, e.g. through gene ontology (GO) enrichment 

analysis of genes loaded on the factors, providing information about the biological effects of 

perturbations.  

While the effects of genetic perturbations are formulated in terms of factors under GSFA, the 

model does allow us to infer the effects on individual genes. This is similar to the commonly used 

differential gene expression analysis, where the expression of genes in cells with certain 

perturbation are compared with those without it. However, when a perturbation affects multiple 

factors, it can be difficult to synthesize the effects of this perturbation across all affected factors. 

GSFA provides a way to integrate information over all factors to compute the total effect of a 

target perturbation on individual genes. The total effect of perturbation m on the expression of 

gene j, denoted as θmj, is given by the sum of effects mediated through all K factors: 

𝜃9& =h𝛽9*
*

𝑊&* . 
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To sample the posterior distribution of θmj, we use the posterior samples of βmk and Wjk (Fjk): 

𝜃9&
(O) = ∑ 𝛽9*

(O)1
*6" 𝑊&*

(O)𝐹&*
(O),                                               ( 14 ) 

where superscript (t) denotes the t-th posterior sample. The significance of the summarized total 

effect is evaluated using local false sign rate (LFSR)[117], a metric that is analogous to local false 

discovery rate (LFDR), but reflects confidence in the sign of effect rather than in the effect being 

non-zero. It has been shown that LSFR has some benefits over the commonly used FDR approach, 

and is in fact more conservative than LFDR[117]. The LFSR of the perturbation effect on 

individual genes, θmj, can be obtained from its posterior samples by: 

LFSRP𝜃9&R = min{Prª𝜃9&
(O) ≥ 0|Data«,	Prª𝜃9&

(O) ≤ 0|Data«}.                   ( 15 ) 

By thresholding LFSR, we can obtain significant DEGs under each perturbation. In practice, the 

threshold is LFSR < 0.05. 

In summary, GSFA produces three main outputs (Fig. 3.1, bottom): the association between 

genetic perturbations and factors; the weights of genes on factors measured by PIPs; and a list of 

DEGs of each perturbation at a given LFSR cutoff. 

3.3.4 Alternative models for GSFA 

Separate estimation of perturbation effects on multiple cell groups 

In the cases when one is interested in learning about the effects of perturbations under different 

cell types or experimental conditions, the base GSFA model can be extended to estimate these 

effects separately and produce different DEGs for each cell type/condition. Specifically, we 

modify the current relationship between Z and G (Equation 11) so that the factors are still inferred 

using all cells, but the associations between factors and perturbations are estimated separately for 

different cell groups. For example, assuming 2 groups of cells, group 0 and group 1, the 

dependency of Z on G is now modeled as: 
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𝑃(𝐙|𝐆, 𝛃𝟎, 𝛃𝟏) = ® 𝑁(𝑍!'⋅; 𝛃𝟎𝐺!'⋅, 𝐈1)
!'∈TUVWX	'

⋅ ® 𝑁(𝑍!"⋅; 𝛃𝟏𝐺!"⋅, 𝐈1)
!"∈TUVWX	"

 

where β0 and β1 are M×K matrices holding the effect sizes of perturbations on factors within group 

0 cells and group 1 cells, respectively. Each effect size matrix is still subject to the same “spike-

and-slab” prior: 

𝛽'9* ∼ 𝑝'9𝑁(0, 𝑑'9# ) + (1 − 𝑝Z9)𝛿', 

𝛽"9* ∼ 𝑝"9𝑁(0, 𝑑"9# ) + (1 − 𝑝"9)𝛿'. 

The distributions of other model parameters remain the same. 

Once we have the posterior samples of parameters and latent variables, we can similarly obtain 

the posterior samples of the total effects of perturbations on individual genes, θmj’s, within each 

cell group using Equation (14) and the corresponding βmk for that cell group. 

Spike-and-slab prior on gene loadings 

GSFA also allows one to use the standard spike-and-slab prior for the gene weights, although 

we find that it does not work as well as the default normal-mixture prior (Equation 13). The 

alternative spike-and-slab prior is given by: 

𝑊&* ∼ 𝜋*𝑁(0, 𝜎*#) + (1 − 𝜋*)𝛿'.                                          ( 16 ) 

Again, we introduced a latent binary matrix FP×K to indicate whether Wjk's are nonzero. Similar 

to the inference of β, we can obtain the posterior samples of F and W by updating Fjk and Wjk (1

≤j≤P, 1≤k≤K) in pairs. We first sample Fjk from a Bernoulli distribution following: 

𝑃(𝐹&* = 1| ⋅)
𝑃(𝐹&* = 0| ⋅) = �

𝜆&*
𝜎*#

expG
𝜈&*#

2𝜆&*
J ⋅

𝜋*
1 − 𝜋*

, 

where 𝜈&* = 𝜆&* ∑ 𝑍!*P𝑌!& − ∑ 𝑍![𝑊&[[:[@* R/𝜓&5
!6"  and 𝜆&* = P∑ 𝑍!*# /𝜓&5

!6" + 𝜎*)#R
)" . With Fjk 

sampled, we can obtain posterior samples of Wjk with 
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𝑊&*|𝐹&* = 1 ∼ 𝑁P𝜈&* , 𝜆&*R, 

𝑊&*|𝐹&* = 0 ∼ 𝛿'. 

3.4 Application of GSFA on simulated and real datasets 

3.4.1 Simulation studies 

Simulation setup 

We performed extensive simulations to evaluate the performance of GSFA under two settings, 

with either continuous gene expression levels or discrete gene count data as output.  

(1) Normal distribution scenarios 

In the first simulation setting, we generated continuous gene expression levels with a normal 

error distribution, according to the GSFA model. 

𝐺!9 ∼!.!.8 Bernoulli(0.05), 𝜙!* ∼!.!.8 𝑁(0,1) → 𝐙 = 𝐆𝛃 +𝚽, 

𝑊&* ∼!.!.8 𝜋𝑁(0,0.5) + (1 − 𝜋)𝛿', 𝐸!& ∼!.!.8 𝑁(0,1) → 𝐘 = 𝐙𝐖B + 𝐄, 

Each dataset consists of N = 4000 cells, P = 6000 genes, M = 6 types of perturbations, and K = 10 

underlying factors. Each perturbation occurs in ~5% of cells, mimicking real multiplex CRISPR 

screening assays. The proportion of genes with non-zero effects on each factor, π, referred to as 

factor density below, varies from 5%, 10% to 20% under different simulation scenarios. For 

simplicity, each perturbation is designed to affect a distinct factor, and the effect size matrix β is 

set to the following form: 

β	=

⎝

⎜⎜
⎛

0.1 0 0 0 0 0 0 0 0 0
0 0.2 0 0 0 0 0 0 0 0
0 0 0.3 0 0 0 0 0 0 0
0 0 0 0.4 0 0 0 0 0 0
0 0 0 0 0.5 0 0 0 0 0
0 0 0 0 0 0.6 0 0 0 0⎠

⎟⎟
⎞
. 
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The effect sizes vary from 0.1 to 0.6, which means that the perturbations explain about 0.2% to 8% 

of the total variance of each factor. 

(2) Count-based scenarios 

The second simulation setting mimics real scRNA-seq UMI data. To sample the read count 

data, we first assume that each cell has a library size/scaling factor Li, sampled from a normal 

distribution with mean 5×105. The count of a gene j in cell i is then sampled from a Poisson 

distribution with its mean determined by the continuous gene expression level Yij and the scaling 

factor Li: 

𝐿! ∼ 𝑁(5 × 10\, 10\) → 𝑐!& ∼ Poisson ª𝐿!expP1/5 × 10\ + 𝑌!&R«. 

The sampled counts are converted to deviance residuals (3.4.1), then centered and scaled so that 

each gene has variance 1 before provided as input for GSFA. Other simulation parameters 

remained the same as in the normal setting. 

We generated 300 random datasets under each of the 6 scenarios (normal/count-based and π 

= 0.05, 0.1, 0.2) for GFSA analysis. For each dataset, Gibbs sampling was performed for 3000 

iterations, and posterior means of parameters were computed from the last 1000 iterations, which 

took 1.1 hours on a modern Linux workstation with Intel Xeon E5-2680 v4 (2.40 GHz) processors. 

Comparison of different sparse priors on gene loadings 

Lastly, simulated data also allowed us to evaluate the model choice, particularly the prior 

distribution on gene loadings (W) in count-based data. For data simulated under the normal 

distribution scenario, both the normal-mixture prior (Equation 13) and the spike-and-slab prior 

(Equation 16) produced factors with similar density as the ground truth (Fig. 3.2a). However, for 

count-based simulation data, factors inferred under the spike-and-slab prior sometimes resulted in 

factors much denser than the ground truth, with a small fraction (~10%) of them having a density 
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level close to 1. In contrast, factors inferred under the normal-mixture prior consistently have 

sparse gene weights, with the proportion of loaded genes centered around the ground truth (Fig. 

3.2b). This justifies our choice of normal-mixture prior as the default prior for read count data. 

Evaluation of factor inference and recovery of perturbation effects on factors 

We first evaluate the performance of GSFA in the inference of factors. Due to the 

interchangeability of factors in matrix factorization, we map each of the true factors to the GSFA 

inferred factor that it is maximally correlated with using the absolute Pearson correlation. The 

correlations of the true and matching inferred factors are then assessed. Across all scenarios, 

factors inferred by GSFA are highly correlated with the true underlying factors, with 80-90% of 

the absolute correlation values above 0.8 (Fig. 3.2c). GSFA also recovers genes with nonzero 

loading on the factors. Indeed, genes with PIPs above 0.95 are generally true genes, with observed 

false discovery proportions (FDP) below 0.1 when the true factor density is less than 0.2 (Fig. 

3.2d). 

Next, we evaluate the performance of GSFA in detecting the effects of perturbations on factors. 

Across all scenarios, GSFA estimates these effects accurately (Fig. 3.2e). The small downward 

bias of estimated effects is expected, given the sparse prior we imposed. We further assessed the 

calibration of PIPs of these effects. At a PIP threshold of 0.95 and a true factor density level below 

0.2, the proportion of falsely detected effects is generally below 0.1 (Fig. 3.2f). 
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Figure 3.2: GSFA performance on simulated data – factor estimation.  
a) Comparison of estimated factor densities using two priors under the normal-based settings. b) 
Comparison of estimated factor densities using two priors under the count-based settings. c) Distributions 
of the absolute correlation values between true factors and the factors inferred by GSFA with true factor 
density varying from 0.05 to 0.2, under the normal-based or count-based settings. d) Left: normal-based 
settings; right: count-based settings. The proportion of truly associated factor-gene pairs out of all the pairs 
that have GSFA estimated gene loading PIP > 0.95 in the corresponding factor, computed for each dataset 
under three levels of true factor density. The range of each error bar is one standard deviation ± mean, 
computed over the proportion values of 300 datasets. e) Left: normal-based settings; right: count-based 
settings. Box plots of absolute effect sizes from perturbation-factor regression estimated by GSFA. In each 
plot, different colors represent different values of true factor density varying from 0.05 to 0.2.  The center 
line of a box represents the median; the lower and upper hinges of a box correspond to the first and third 
quartiles; the upper/lower whisker extends from the hinge to the largest/smallest value no further than 1.5 
* inter-quartile range from the hinge. f) Left: normal-based settings; right: count-based settings. The 
proportion of truly associated perturbation-factor pairs out of all the pairs that have GSFA estimated 
association PIP > 0.95, computed for each dataset under three levels of true factor density. The range of 
each error bar is one standard deviation ± mean, computed over the proportion values of 300 datasets. 
 
Evaluation of DEG discovery 

Finally, we compared the performance of GSFA in DEG detection, i.e., detection of genes 

affected by perturbations, with commonly used differential expression analysis methods. For a 
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given perturbation m, we define the ground truth of genes affected by it as those with non-zero 

weights (true Wjk≠0) in the factor that this perturbation is truly associated with (true βmk≠0). These 

ground truth genes are compared with the DEGs discovered by GSFA under the threshold LFSR 

< 0.05. For comparison, we applied Welch’s t-test[126] to both the normal data and count-

normalized deviance residual data. For count data scenarios, we also applied edgeR quasi-

likelihood F-test (edgeR-QLF)[73] and MAST[91], a method designed for single-cell analysis. In 

all these DE tests, cells with each perturbation were compared with all other cells without this 

perturbation for all genes, FDR was computed following the Benjamini-Hochberg procedure for 

genes under each perturbation, and significant DEGs were obtained by thresholding FDR < 0.05. 

We generated receiver operating characteristic (ROC) curves for each method by varying the 

LFSR or FDR threshold. GSFA outperformed the other methods in terms of both sensitivity and 

specificity under all scenarios (Fig. 3.3a, Fig. 3.4, Fig. 3.5). In addition, DEGs detected by GSFA 

at LFSR < 0.05 have observed false discovery proportions (FDPs) well below 0.05 in most cases, 

while the observed FDPs among edgeR or t-test DEGs show significant inflation under the count-

based scenarios (Fig. 3.3b). 

Through these simulations, we have demonstrated that GSFA is a powerful method to identify 

gene modules, the associations between perturbations and modules, and the specific genes affected 

by each perturbation. 
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Figure 3.3: GSFA performance on simulated data – DEG discovery.  
a) ROC curves of DEG discovery under the count-based setting and 3 different levels of true factor density; 
4 colors correspond to 4 DEG detection methods. Results shown are of perturbations with a true association 
effect of 0.3 on factors. Each was an average over 300 datasets generated under the corresponding setting. 
See Fig. S2 and S3 for results under other settings. b) Distributions of observed proportion of false 
discoveries (FDP) among significant DEGs detected by GSFA (LFSR < 0.05) and other methods (FDR < 
0.05) per dataset under the count-based setting and various true factor densities. 4 colors correspond to 4 
DEG detection methods. c) Same as in b) but under the normal settings; 2 colors correspond to 2 DEG 
detection methods. 
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Figure 3.4: ROC curves of DEG discovery across methods on count-based simulated data.  
Results are across 3 different levels of true factor density, and 4 different values of true perturbation effects; 
4 colors correspond to 4 DEG detection methods. 
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Figure 3.5: ROC curves of DEG discovery across methods on normal scenario simulated data.  
Results are across 3 different levels of true factor density, and 5 different values of true perturbation effects; 
2 colors correspond to 2 DEG detection methods. 
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3.4.3 GSFA application on human CD8+ T cell CROP-seq data 

The first real dataset we applied GSFA to is a CROP-seq dataset of perturbed primary human 

CD8+ T cells with or without T cell receptor (TCR) stimulation[95]. In the original study, a 

genome-wide pooled CRISPR screen was conducted to uncover regulators of T cell proliferation 

upon TCR stimulation. Next, a CROP-seq experiment was carried out targeting a total of 20 genes, 

including 12 genes that were top hits in the genome-wide screen, and 8 known immune checkpoint 

genes. The perturbed cells were either TCR-stimulated or not before sequencing, with the purpose 

of understanding the impact of these genetic perturbations on the transcriptional states of cells in 

both resting state and stimulated state. The original study applied a clustering approach to 

characterize the effects of each perturbation. Although perturbations of some genes were found to 

be correlated with clusters characterized by T cell activation or resting states, many other genes 

were not associated with any cluster. Moreover, the study lacked systematic differential expression 

analysis to reveal specific genes affected by perturbations. 

To fill in these gaps, we applied GSFA to this CROP-seq dataset, allowing perturbations to 

have different effects on factors in stimulated and unstimulated cells. With a total of 20 factors 

pre-specified in GSFA, we obtained 24 associations (PIP > 0.95) between perturbations and factors 

in stimulated cells that involved 9 gRNA-targeted genes (Fig. 3.6a). Among these genes, the 

effects of ARID1A, DGKA, SOCS1, and TCEB2 were undetected by clustering analysis in the 

original study (Fig. 3.6b). In unstimulated cells, only three pairs of associations were detected at 

PIP > 0.95 (Fig. 3.6c), which is unsurprising given the role of these targeted genes in regulating T 

cell responses. Nevertheless, it is interesting that some perturbations (e.g. TCEB2, RASA2) have 

effects in unstimulated cells (Fig. 3.6c), suggesting that these genes affect resting state 

transcriptomes. We also confirmed, with permutation analysis, that the full GSFA results, 
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including the inferred perturbation effects and gene loading, were calibrated (Methods, Fig. 3.8a-

d). Altogether, these results highlight the power of GSFA to detect the broad effects of target genes 

on the latent factors. 

To characterize these latent factors, particularly those associated with perturbations, we 

inspected the weights of some canonical marker genes (Table 3.1) and performed gene ontology 

(GO) enrichment analysis of genes loaded on the factors. As an example, factors 2 and 9 have 

negative weights for cell proliferation markers MKI67, TOP2A, and CENPF (Fig. 3.6d), and are 

enriched for GO terms related to cell cycle and division (Fig. 3.6e). Factors 4 and 12 are associated 

with markers of T cell activation and/or resting states (Fig. 3.6d) and are enriched for GO terms 

related to immune responses (Fig. 3.6e). Together, these results show that the latent factors 

discovered by GSFA represent cellular processes. 
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Figure 3.6: GSFA results of inferred factors from analysis of CROP-seq data of primary CD8+ T cells.  
a) Estimated effects of gene perturbations on all factors inferred by GSFA within stimulated T cells. The 
size of a dot represents the PIP of association; the color represents the effect size. b) Venn diagram of 
targets identified using the original clustering-based method vs. GSFA in stimulated T cells. c) Similar to 
a) but estimated within unstimulated T cells. d) Loading of selected marker genes on inferred factors. The 
size of a dot represents the gene PIP in a factor and the color represents the gene weight (magnitude of 
contribution) in a factor. e) The fold of enrichment for selected GO “biological process” gene sets 
significantly enriched (q-value < 0.05) in factor 2, 4, 9, and 12. Hypergeometric test was used, where genes 
with PIP > 0.95 in the factor were compared against a background of all genes used in GSFA. 
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Gene Protein (Aliases) Annotation References 

IL7R Interleukin-7 receptor (CD127) T cell resting state PMID: 15308108 

CCR7 CC chemokine receptor 7 T cell resting state PMID: 11145663 

GZMB Granzyme B T cell activation 
PMID: 12360212, PMID: 
22084442 

IFNG Interferon gamma T cell activation PMID: 11145690 

CD44  T cell activation PMID: 12526810 

IL2RA Interleukin-2 receptor T cell activation PMID: 18417224 

XCL1 X-C motif chemokine ligand 1 T cell activation PMID: 19913446 

TNFRSF18 
Glucocorticoid-induced TNFR-
related protein (GITR) T cell activation PMID: 21076066 

ITGAL Integrin subunit alpha L (LFA-1) T cell activation PMID: 29774029 

MKI67 Marker of proliferation Ki-67 Cell proliferation PMID: 29322240 

TOP2A DNA topoisomerase II alpha Cell proliferation PMID: 15980158 

CENPF Centromere protein F Cell proliferation PMID: 16565862 

Table 3.1: Details of selected T cell marker genes 
 

We observed that some perturbations are associated with multiple factors with similar 

functions, e.g., targeting of CDKN1B is negatively associated with factor 2 and positively 

associated with factor 9, and both are enriched for cell cycle GO terms (Fig. 3.6a,e). In this case, 

it would be hard to consolidate the effects of a target on multiple overlapping factors using a typical 

two-step approach where factor analysis is followed by target-factor association analysis. GSFA, 

on the other hand, provides a way to summarize all these factor-mediated effects and estimate a 

total perturbation effect on each individual gene evaluated by LFSR, demonstrating its unique 

advantage in DEG detection over traditional factor analysis models. 

Besides GSFA’s LFSR-based analysis to identify specific downstream genes affected by the 

perturbations, we also ran several other differential expression analysis methods for comparison, 

including scMAGeCK-LR[27], a method tailored for single-cell CRISPR screening data, 

MAST[91], DESeq2[90], and edgeR-QLF[73]. scMAGeCK-LR and MAST had calibrated false 

positive rates in the permuted data, while DEseq2 showed modest inflation and edgeR-QLF severe 
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inflation (Methods, Fig. 3.8e-h). Therefore, we excluded edgeR-QLF from further analysis. In 

stimulated T cells, GSFA detected 148 to 710 DEGs at LFSR < 0.05 for 9 gene targets, four of 

which (ARID1A, DGKA, SOCS1, and TCEB2) were poorly characterized by clustering analysis in 

the original study[95]. Compared with other methods, GSFA consistently detected the most DEGs 

across these 9 targets, sometimes with 10 times or more DEGs (Fig. 3.7a). Additionally, the DEGs 

of all 9 target genes detected by GSFA are enriched for a larger number of GO terms (Fig. 3.7b), 

many of which are relevant to T cell responses (Fig. 3.7c). DEGs detected by other methods, in 

contrast, have almost no GO enrichment except for TCEB2. These results thus show that GSFA 

has much higher sensitivity in detecting DEGs than existing methods. 

With a large number of DEGs detected for the 9 target genes, we next focused on their effects 

on specific marker genes of T cell activation to better understand the genes’ functions. GSFA 

revealed a number of effects of the target genes on the markers (Fig. 3.7d), many of which were 

missed by other methods (Fig. 3.7f-h). The estimated effects of these genes on the chosen markers 

largely agree with the reported roles of these genes[95]. For instance, targeting of CD5, CBLB and 

RASA2 have mostly positive effects on markers of activated T cells, and negative or no effects on 

markers of resting T cells (Fig. 3.7d), consistent with the functions of these genes as negative 

regulators of T cell stimulation[95]. Targeting of CDKN1B has strong positive effects on cell 

proliferation markers (Fig. 3.7d), consistent with its function in the cell cycle[127] and its role as 

a negative regulator of T cell proliferation[95]. 

Our analysis also revealed molecular effects of the four novel genes, ARID1A, DGKA, SOCS1, 

and TCEB2, whose effects were poorly characterized in the earlier study (Fig. 3.6b). The effects 

of perturbations of TCEB2 and DGKA on T cell markers are similar to those of other negative 

regulators of T cell responses, such as CD5, and were found to be negative regulators of T cell 
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proliferation in the genome-wide screen[95]. Indeed, TCEB2 encodes Elongin-B, which binds to 

SOCS1 and forms a complex that attenuates Jak/STAT signaling, negatively regulating cytokine 

signaling[128]. In addition, as part of the transcription factor B (SIII) complex, TCEB2 is essential 

in activating elongation by RNA polymerase II[129]. Consequently, knockout of TCEB2 has broad 

transcriptomic impacts beyond immune response processes and independent of TCR stimulation, 

as observed in the enrichment of RNA metabolic and catabolic processes in its DEGs in both 

stimulated T cells and unstimulated T cells. 

Targeting SOCS1 has a strong effect on cell proliferation markers (Fig. 3.7d). Accordingly, 

several genes of the SOCS (suppressor of cytokine signaling) family have been reported to inhibit 

cell cycle progression[130]. Targeting of ARID1A, a chromatin remodeler and potential tumor 

suppressor[131]–[133], has strong negative effects on the effector markers (Fig. 3.7d), suggesting 

its role as a positive regulator of T cell activation. Indeed, ARID1A mutations occur in many human 

cancer types, and result in limited chromatin accessibility and down-regulation of interferon-

responsive genes, leading to poor tumor immunity[134].  

Targeting LCP2 has strong negative effects on activation markers such as XCL1 and 

TNFRSF18, and a positive effect on the resting state marker IL7R, consistent with the findings of 

LCP2 being a positive regulator in the genome-wide screen[95], but the positive effects observed 

on effector markers such as GZMB are unexpected (Fig. 3.7d). 

Collectively, GSFA revealed detailed transcriptional effects of 9 genetic perturbations in 

stimulated CD8+ T cells, including four genes largely missed by clustering or differential 

expression analysis with other tools. The functions of these four genes suggested by GSFA analysis 

are largely consistent with their known biological roles. We constructed a regulatory network to 

summarize our major findings of the functions of all nine target genes (Fig. 3.7e). Our results 
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highlight the power of GSFA in revealing the detailed molecular effects of genetic perturbations 

in single-cell CRISPR screens. 

 
Figure 3.7: GSFA results of the effects of genetic perturbations on gene expression in CD8+ T cell 
CROP-seq data. The results were based on stimulated CD8+ T cells.  
a) Number of DEGs detected under all perturbations using 4 different methods. The y axis is log scaled and 
bar height corresponds to count+1 (as the number of DEGs could be 0);  
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(Figure 3.7 continued) 
the exact number of DEGs are labeled on top of the bars. The detection threshold for DEGs is LFSR < 0.05 
for GSFA, and FDR < 0.05 for all other methods. b) Number of GO Slim "biological process" terms 
enriched in DEGs detected by different methods. c) Heatmap of selected GO “biological process” terms 
and their folds of enrichment in DEGs (LFSR < 0.05) detected by GSFA under different perturbations. d) 
GSFA estimated effects of perturbations on marker genes in stimulated T cells. Sizes of the dots represent 
LFSR bins; colors of the dots represent the summarized effect sizes. e) A target-marker-phenotype 
regulatory network summarizing GSFA results. Significant (LFSR < 0.05) regulatory relationships between 
target and marker genes are represented by colored arrows, with red sharp arrows indicating positive 
regulation by the target genes, and blue blunt arrows indicating negative regulation. The darkness of color 
represents the relative magnitude of effect. Note the effect directions here are the opposite of the 
perturbation effects. f), g), h) Estimated effects of perturbations on marker genes in stimulated T cells with 
scMAGeCK (f), DESeq2 (g), and MAST (h). Sizes of the dots represent FDR bins; colors of the dots 
represent scMAGeCK selection scores, DESeq2 log2 fold change estimates, or MAST log fold change 
estimates, respectively. 
 

 
Figure 3.8: Permutation results of DEG detection methods on CD8+ T cell CROP-seq data.  
Results from 10 randomly permuted datasets are pooled together. a) GSFA effect sizes of perturbations on 
factors, estimated within stimulated cells and unstimulated cells, respectively. b) GSFA PIPs of associations 
between factors and perturbations, estimated within stimulated cells and unstimulated cells, respectively. c) 
Q-Q plot of p-values obtained from linear regression between GSFA estimated factors and perturbations  
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(Figure 3.8 continued) 
within stimulated cells and unstimulated cells, respectively. d) GSFA LFSRs of genes under all 
perturbations, estimated within stimulated cells and unstimulated cells. e) Empirical p-values of differential 
expression estimated by scMAGeCK-LR within stimulated cells; exact zeros were replaced with 5e-4 for 
visualization in the Q-Q plot. f), g), h) Differential expression p-values estimated within stimulated cells 
by DESeq2 (f), MAST (g), and edgeR-QLF test (h). 
 

3.4.4 GSFA application on LUHMES CROP-seq data 

The second real dataset we applied GSFA to is a CROP-seq dataset targeting 14 

neurodevelopmental genes, including 13 autism risk genes, in LUHMES human neural progenitor 

cells[135]. After CRISPR targeting, the cells were differentiated into postmitotic neurons and 

sequenced, with the purpose of understanding the functions of these risk genes in a 

neurodevelopmental context. In the original study, cells were projected onto a pseudotime 

trajectory, which approximates the progression of neuronal differentiation, and the perturbation 

conditions were associated with the pseudotime of cells. The study concluded that the repression 

of ARID1B, ASH1L, CHD2, and DYRK1A impeded neuronal differentiation, while PTEN and 

CHD8 repression accelerated neuronal differentiation. However, it provided limited information 

on the molecular processes affected by the target genes other than pseudotime, and its differential 

expression analysis did not take measures to control the false discovery rate. 

After applying GSFA to this dataset, we found significant effects (PIP > 0.95) of 7 target 

genes, including ADNP, ARID1B, ASH1L, CHD2, DYRK1A, PTEN, and SETD5, on at least one 

out of 20 latent factors (Fig. 3.9a). Among the 7 genes, the transcriptomic effects of ADNP and 

SETD5 were missed in the original pseudotime-based analysis (Fig. 3.9b). We also confirmed, that 

the GSFA results were calibrated as it did not produce false positive findings in permutations 

(Methods, Fig. 3.11a-d). We characterized these factors by inspecting the weights of neuronal 

markers (Table 3.2) and GO enrichment analysis of genes loaded on them. In factor 4, for example, 

the markers of mature neurons such as MAP2 and NEFL have negative weights, while negative 
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regulators of neuron projection such as ITM2C have positive weights (Fig. 3.9c), suggesting that 

factor 4 is negatively associated with neuronal maturation. Indeed, factor 4 is significantly enriched 

for gene sets involved in neuronal development (Fig. 3.9d). Factors 9 and 16, similarly, show 

loadings of neuronal markers and are enriched for relevant GO terms (Fig. 3.9c,d). These results 

suggest that GSFA was able to relate genetic perturbations with biologically meaningful latent 

factors. 

 
Figure 3.9: GSFA results of inferred factors from analysis of LUHMES CROP-seq data.  
a) Estimated effects of gene perturbations on all factors inferred by GSFA. The size of a dot represents the 
PIP of association; the color represents the effect size. b) Venn diagram of targets identified from the 
original pseudotime association analysis vs. from GSFA. c) Loading of neuronal marker genes on factors. 
The size of a dot represents the gene PIP in a factor and the color represents the gene weight (magnitude of 
contribution) in a factor. d) The fold of enrichment for selected GO “biological process” terms enriched in 
factor 4, 9, and 16 (q-value < 0.05). Hypergeometric test was used, where genes with PIP > 0.95 in the 
factor were compared against a background of all genes used in GSFA. 
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Gene Protein (Aliases) Annotation References 

TP53 Tumor protein p53 Cell proliferation PMID: 18948956 

CDK4 Cyclin dependent kinase 4 Cell proliferation PMID: 19733543 

NES Nestin Neural progenitor cell PMID: 29541793 

STMN2 Stathmin-2 Mature neuron PMID: 14598370 

MAP2 Microtubule associated protein 2 Mature neuron PMID: 10704996 

DPYSL3 Dihydropyrimidinase like 3 Mature neuron GO:0010976 

MAP1B Microtubule associated protein 1B Mature neuron GO:0010976 

CRABP2 Cellular retinoic acid binding protein 2 Mature neuron GO:0010976 

NEFL Neurofilament Light Chain Mature neuron GO:0010976 

ZEB2 Zinc finger E-box binding homeobox 2 Mature neuron GO:0010976 

ITM2C Integral membrane protein 2C 
Negative regulation of 
neuron projection GO:0010977 

CNTN2 Contactin-2 
Negative regulation of 
neuron projection GO:0010975 

DRAXIN Dorsal inhibitory axon guidance protein 
Negative regulation of 
neuron projection 

GO:0010977, PMID: 
24832731 

HDAC2 Histone deacetylase 2 
Negative regulation of 
neuron projection GO:0010977 

GO:0010975: gene ontology “regulation of neuron projection development” process 

GO:0010976: gene ontology “positive regulation of neuron projection development” process 

GO:0010977: gene ontology “negative regulation of neuron projection development” process 
Table 3.2: Details of neuronal marker genes 
 

We next identified the individual genes affected by the perturbations. GSFA detected DEGs 

at LFSR < 0.05 for the same 7 gene targets (Fig. 3.10a). Compared with other differential 

expression analysis methods, GSFA detected the most DEGs for 5 out of 7 gene targets (Fig. 3.10a). 

Furthermore, DEGs detected by GSFA are enriched for the most GO terms across almost all targets 

(Fig. 3.10b), many of which are related to neuronal development or neural signaling (Fig. 3.10c).  

To better understand the functions of these 7 target genes, we examined their effects on marker 

genes for neuron maturation and differentiation. GSFA uncovered perturbation effects on a number 

of neuronal marker genes across all targets except ARID1B (Fig. 3.10d), while other methods 
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detected fewer differentially expressed markers (Fig. 3.10e-g). GSFA-estimated effects of the 

target genes largely validated the known functions of these genes. Targeting of ASH1L, CHD2, 

and DYRK1A has mostly negative effects on mature neuronal markers, and positive effects on 

negative regulators of neuron projection (Fig. 3.10d), indicating delayed neuron maturation by the 

repression of these genes. Knockdown of PTEN showed opposite effects by GSFA, suggesting its 

opposite role on neuronal differentiation. These results agree with the experimental findings of the 

effects of these perturbations on neuronal maturation phenotypes[135].  

Two genes, ADNP and SETD5, were missed in the pseudotime-based analysis in the original 

study (Fig. 3.9b). The estimated effects of these genes on neuronal markers by GSFA suggested 

that repression of ADNP would lead to delayed neuronal differentiation, whereas SETD5 

repression would have the opposite effect (Fig. 3.10d). These predictions are consistent with the 

experimental finding of ADNP in the original study[135], and with the finding that SETD5 

knockdown increases the proliferation of cortical progenitor cells and neural stem cells[136]. 

In conclusion, GSFA allowed us to identify and characterize the transcriptional effects of 7 

ASD risk genes, including ADNP and SETD5, whose effects were largely missed in the original 

study. Detailed characterization of these genes by GSFA using neuronal markers provides 

functional insight that is largely consistent with their known roles in literature. While GSFA 

missed the effect of CHD8 (Fig. 3.9b), we noticed that all the existing DEG methods largely missed 

its effect as well (Fig. 3.10a). We summarized the inferred target effects by GSFA on selected 

marker genes and affected cellular processes in a gene regulatory network (Fig. 3.10h). Together, 

these results demonstrate that GSFA is an effective computational tool for single-cell CRISPR 

screening data in detecting the transcriptional effects and elucidating the molecular mechanisms 

of genetic perturbations. 
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Figure 3.10: GSFA results of the effects of genetic perturbations on gene expression in LUHMES 
CROP-seq data.  
a) Number of DEGs detected under all perturbations using 4 different methods. The y axis is log scaled and 
bar height corresponds to count+1 (as the number of DEGs could be 0);  
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(Figure 3.10 continued) 
the exact number of DEGs are labeled on top of the bars. The detection threshold for DEGs is LFSR < 0.05 
for GSFA, and FDR < 0.05 for all other methods. b) Number of GO Slim "biological process" terms 
enriched in DEGs detected by different methods. c) Heatmap of selected GO “biological process” terms 
and their folds of enrichment in DEGs (LFSR < 0.05) detected by GSFA under different perturbations.  d) 
GSFA estimated effects of perturbations on marker genes. Sizes of the dots represent LFSR bins; colors of 
the dots represent the summarized effect sizes. e), f), g) Estimated effects of perturbations on marker genes 
with scMAGeCK (e), DESeq2 (f), and MAST (g). Sizes of the dots represent FDR bins; colors of the dots 
represent scMAGeCK selection scores, DESeq2 log2 fold change estimates, or MAST log fold change 
estimates, respectively. h) A target-marker-phenotype regulatory network summarizing GSFA results. 
Significant (LFSR < 0.05) regulatory relationships between target and marker genes are represented by 
colored arrows, with red sharp arrows indicating positive regulation of marker genes by the target genes, 
and blue blunt arrows indicating negative regulation. The darkness of color represents the relative 
magnitude of effect. Note that the direction of regulation is the opposite of the perturbation effect. 
 

 
Figure 3.11: Permutation results of DEG detection methods on LUHMES CROP-seq dataset.  
Results from 10 randomly permuted datasets are pooled together. a) GSFA effect sizes of perturbations on 
factors. b) GSFA estimated PIPs of associations between factors and perturbations. c) GSFA estimated 
LFSRs of genes under all perturbations. d) Q-Q plot of p-values obtained from linear regression between 
GSFA estimated factors and perturbations. e) Empirical p-values of differential expression estimated by 
scMAGeCK-LR; exact zeros were replaced with 5e-4 for visualization in the Q-Q plot. f), g) Differential 
expression p-values estimated by DESeq2 (f) and MAST (g). 
 

3.4.5 GSFA application on GTEx data 

We also explored the application of GSFA on bulk RNA-seq data with paired perturbation 

information. We obtained from the GTEx (Genotype Tissue Expression) project[137] whole blood 
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gene expression data and paired individual genotypes at selected SNPs, which serve as naturally 

occurring genetic perturbations. With the intention to include SNPs with potentially large effect 

sizes on gene expression modules, we selected a set of 15 independent risk SNPs for GWAS red 

blood cell count trait[138] that were also found significantly associated with whole blood 

expression factors identified in a separate study (unpublished). 

We applied GSFA to this dataset with the hope of identifying genes or gene modules affected 

by risk variants for the aforementioned complex immune trait. Unfortunately, no significant DEGs 

(LFSR < 0.1) were detected under any of the SNPs. Despite specifying 50 factors in total, we only 

found significant effects (PIP > 0.95) of 3 SNPs on factor 1; 8 SNPs are associated with 4 factors 

with PIP > 0.5 (Fig. 3.12a). We also tested the association between each pair of GSFA inferred 

factor and SNP condition using simple linear regression, but no significant association was 

detected at FDR < 0.1 (Fig. 3.12b). Because of the two-component normal-mixture prior imposed 

on gene weights, the model did not identify any “effective” foreground genes apart from the 

background for factors with inherently dense and symmetric gene weights (factors 1-3, Fig. 3.12e); 

for other factors with less symmetrically distributed gene weights, genes in the longer tail tend to 

be identified as the foreground (Fig. 3.12f). At a cutoff of gene PIP > 0.9, the density of loaded 

genes for each GSFA factor ranges from 0 to 13.4%. GO enrichment of loaded genes in factors 

found significant gene sets in 34 of the 50 factors. For example, factor 26, the only other factor 

somewhat associated with a SNP condition (PIP = 0.56 and effect size = -0.37 with the chr16 SNP), 

has the most number (128) of enriched gene sets among all factors, and these enriched gene sets 

belong to a variety of categories, from immune response to cell development (Fig. 3.12d). 

Alternatively, we also applied a two-step approach, where we first inferred expression factors 

using another Bayesian sparse factor analysis model, FLASH[118], and then associated them with 
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each SNP condition via simple linear regression. The result is similar to that of GSFA, with no 

significant associations detected at FDR < 0.1 (Fig. 3.12c). While FLASH uses a different 

shrinkage prior (Equation 9), the first 3 factors inferred by FLASH and by GSFA are highly 

correlated (Pearson R = 0.86-0.99), and have similar density of gene loadings on them, consistent 

with the common observation that it is hard to induce sparsity in the top factors (ranked by 

percentage variance explained) from bulk gene expression data, which are inherently dense[118]. 

An alternative way to interpret these dense factors, which often contain rich information, would 

be to conduct gene set enrichment analysis using the top genes ranked by gene weights in both 

positive and negative directions, which is commonly used for interpretation of principal 

components from PCA. However, even if significant associations were found, this would be an 

indirect two-step approach to link perturbations with specific downstream genes. Overall, this case 

study highlighted the difficulty when applying Bayesian sparse factor models to bulk RNA-seq 

data. 
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Figure 3.12: GSFA and FLASH results on GTEx whole blood bulk RNA-seq dataset.  
a) Estimated effects of gene perturbations on factors inferred by GSFA with at least one association PIP > 
0.5. The size of a dot represents the PIP of association; the color represents the effect size. b), c) Q-Q plot 
of p-values from simple linear regression between each pair of SNP genotype and factor inferred by GSFA 
(b) or FLASH (c). d) The fold of enrichment for selected GO “biological process” terms enriched in GSFA 
factor 26 (q-value < 0.05). Hypergeometric test was used, where genes with PIP > 0.9 in the factor were 
compared against a background of all 10k genes used in GSFA. e), f) Distribution of GSFA inferred gene 
weights in factors 1-3 (e), and in factors 26, 14, 8 (f). Genes that have a gene PIP > 0.9 were colored in red; 
factors 1-3 do not have any significant genes at this cutoff. 
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3.4.6 Additional methods 

Deviance residual transformation of gene count data for GSFA application 

The GSFA model assumes that the expression matrix Y is normally distributed. To 

accommodate the application of GSFA on count data, we follow the transformation proposed in 

Townes et al.[26], where the count data are transformed into continuous quantities in the form of 

deviance residuals. In a standard data normalization pipeline, raw counts are normalized by 

sample-specific size factors, and then log-transformed. However, due to the large number of zeros 

in scRNA-seq UMI counts, normalization schemes commonly used for bulk RNA-seq data may 

result in unstable normalization[139], and the arbitrary pseudocount added during the log 

transformation of exact zeros may distort the data, introducing systematic errors and causing 

spurious differences in expression[140]. The deviance residual transformation circumvents these 

difficulties by directly modeling the raw count data under a multinomial null model of constant 

gene expression across all cells, and quantifying the fit of data in the form of deviance residuals, a 

quantity analogous to z-scores and approximately follow a normal distribution. Specifically, the 

deviance residual for gene j in cell i is 

𝑟!& = signP𝑐!& − 𝜇̂!&R�2𝑐!&log
𝑐!&
𝜇̂!&

+ 2(𝑛! − 𝑐!&)log
𝑛! − 𝑐!&
𝑛! − 𝜇̂!&

. 

Here, cij is the raw gene count, ni is the library size of cell i, and 𝜇̂!& = 𝑛!
∑ ;&!&
∑ ^&&

 is the expression of 

gene j under the null model of constant expression. 

Following Townes et al.[26], we use an approximate multinomial deviance statistic to 

evaluate the deviance of each gene from the null model: 

𝐷& =h𝑟!&#
5

!6"
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Genes with constant expression across cells are not informative and will have a deviance of 0, 

while genes that vary across cells in expression will have a larger deviance. Therefore, when 

selecting informative features for downstream analysis, one can pick the genes with high deviance 

as an alternative to selecting highly variable genes, with the advantage that the selection is not 

sensitive to normalization. 

Alternative differential gene expression (DGE) methods 

For comparison, we applied the following DGE methods to simulated or real data:  

(1) Welch’s t-test[126] (two-sided) using the t.test() function in R;  

(2) edgeR quasi-likelihood F-test (edgeR-QLF)[73] using glmQLFit() and glmQLFTest() 

functions in the R package edgeR;  

(3) DESeq2[90] using the DESeq() function in the R package DESeq2;  

(4) MAST[91], a statistical method tailored for scRNA-seq data, using zlm() and lrTest() 

functions in the R package MAST;  

(5) scMAGeCK-LR[27], a linear-regression-based approach tailored for single-cell CRISPR 

screening data, using the scmageck_lr() function in the R package scMAGeCK. We did 

not include scMAGeCK-RRA as it is not designed to test all genes[27]. 

GSFA analysis of CD8+ T cell CROP-seq dataset 

Raw cellranger outputs of the CD8+ T cell CROP-seq study[95] were downloaded from Gene 

Expression Omnibus (GEO: GSE119450). We merged resting and stimulated T cells from two 

donors using the R package Seurat_4.0.1[141]. We first filtered cells that contain fewer than 500 

expressed genes or more than 10% of total read counts from mitochondria genes, keeping 14278 

stimulate T cells and 10677 unstimulated T cells. Next, we transformed the raw counts into 

deviance residuals for all genes in all cells, kept the top 6000 genes ranked by deviance statistics, 
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then regressed out unique UMI count, library size and percentage of mitochondrial gene expression 

from the reduced deviance residual matrix. The resulting matrix was then scaled so that each gene 

has variance 1. 

The gRNA perturbation data are binarized, with gRNAs targeting the same gene deemed as 

the same type of perturbation. The scaled gene expression matrix and the perturbation matrix were 

used as input for GSFA. To capture potentially different effects of CRISPR perturbation under 

resting and stimulated conditions, we used the modified GSFA model with two cell groups 

(Section 3.3.4), stratifying all cells by their stimulation states (unstimulated:0, stimulated:1). We 

specified 20 factors in the model. Gibbs sampling was performed for 4000 iterations, and posterior 

means of parameters were computed from the last 1000 iterations. Computation took ~11 hours 

on a modern Linux workstation with Intel Xeon E5-2680 v4 (2.40 GHz) processors. 

We assessed the calibration of the GSFA results using permutation. We created 10 

permutation sets on the stimulated and the unstimulated cells, separately. In each permutation set, 

the cell labels were permuted independently of the perturbation conditions, and GSFA was run on 

each of these datasets. The calibration was assessed in a few ways. We checked the distribution of 

PIPs of the perturbation effects on factors (𝛃), and the distribution of LSFRs from the inferred 

perturbation to gene effects. We expect PIPs to be close to 0 and LSFRs close to 1 in the 

permutation results. We also assessed the empirical p-values of correlations between perturbations 

and inferred factors. Since we do not expect any correlation between the two under permutation, 

any deviation of p-values from the null distribution would indicate that GSFA incorrectly borrows 

information from perturbations to infer factors, a potential problem that would inflate the results. 

All permutation results are reported in Fig. 3.8. 

GSFA analysis of LUHMES CROP-seq dataset 
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Raw cellranger outputs of the LUHMES neural progenitor cell CROP-seq study[135] were 

downloaded from Gene Expression Omnibus (GEO: GSE142078). We merged all 3 batches of 

LUHMES CROP-seq raw data together using the R package Seurat_4.0.1[141], and filtered cells 

with a library size over 20000 or more than 10% of total read counts from mitochondria genes, 

keeping 8708 cells. Similarly, we transformed the raw count matrix into a reduced deviance 

residual matrix with top 6000 genes ranked by deviance residual. Differences in experimental 

batch, unique UMI count, library size, and percentage of mitochondrial gene expression were all 

regressed out. Running of GSFA is similar to before, except that there is only one cell group, and 

that Gibbs sampling was run for 3000 iterations, which took ~2.5 hours on a modern Linux 

workstation with Intel Xeon E5-2680 v4 (2.40 GHz) processors. We also assessed calibration of 

GSFA results, in the same way as we did in the T cell analysis. The results are reported in Fig. 

3.11. 

Running alternative DGE methods on CD8+ T cell and LUHMES CROP-seq data 

For both stimulated T cells and LUHMES CROP-seq data, we performed alternative DGE 

analyses for comparison. We applied edgeR-QLF[73], DESeq2[90], and MAST[91] directly to the 

scRNA-seq raw count data, contrasting cells with each perturbation from those without, for all the 

genes selected for GSFA. For the LUHMES dataset, experimental batch was included as one of 

the covariates in these 3 tests. We also applied scMAGeCK-LR[27] to the transformed and 

corrected CROP-seq data (described above). For all these methods, FDR was computed following 

the Benjamini-Hochberg procedure for genes under each perturbation, and significant DEGs were 

obtained under an FDR cutoff of 0.05. 

To assess the calibration of the differential expression test p-values from these methods, we 

carried out permutation tests for each DGE method by randomly shuffling the cell labels 
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independent of the perturbation conditions. For the T cell dataset, shuffling occurred within the 

stimulated cells. We generated 10 permuted datasets, and performed the DGE methods in the same 

way as before. 

Gene ontology enrichment analysis 

Gene ontology (GO) over-representation analyses were performed using the WebGestaltR() 

function in the R package WebGestaltR_0.4.4[142] with default parameters and the functional 

category for enrichment analysis set to the GO Slim “Biological Process” category 

(geneontology_Biological_Process_noRedundant). To interpret GSFA inferred factors (gene 

modules), genes with weight PIP > 0.95 were treated as the foreground, while all genes used in 

GSFA were treated as the background in the over-representation analysis. To interpret DEGs 

discovered under each perturbation by GSFA or other DGE methods, genes with LSFR < 0.05 (or 

FDR < 0.05) were treated as the foreground, while all genes evaluated were treated as the 

background in the over-representation analysis. 

GSFA analysis of GTEx bulk RNA-seq data 

GTEx whole blood RNA-seq data from 670 individuals and paired genotype data were 

obtained from the GTEx Portal and dbGaP v8 on 2017-06-05. The 15 GWAS red blood cell count 

risk SNPs used as genetic perturbations were selected based on a separate unpublished study. 

Briefly, these 15 SNPs are GWAS risk SNPs (after p-value thresholding and LD pruning) that 

were significantly associated with expression factors from the whole blood data. Expression 

factors was obtained using PLIER[107] constrained by a prior matrix comprised of immune and 

chemgen pathways from MSigDB[143]. 

Genotypes were converted to numbers according to the additive model “0/0”: 0, “0/1”: 1, 

“1/1”: 2. Genotypes at these 15 SNPs were matched with their corresponding individual expression 



 105 

profiles in whole blood. 647 individuals were matched with valid genotypes at all these SNPs. 

TPM-normalized gene expression data was corrected for the first 5 genotype PCs, PCR, platform, 

and sex covariates. Top 10k most variable genes were used in downstream analyses. GSFA was 

performed with the reduced normalized gene expression matrix and the matched SNP genotype 

matrix as inputs. Specifying 50 factors in the model, Gibbs sampling was run for 3000 iteration. 

We also performed FLASH[118] on the reduced normalized gene expression matrix using R 

package flashier_0.2.7 with default parameters and 50 specified factors. 

3.5 Discussion 

Single-cell CRISPR screening technologies have enabled efficient readouts of transcriptome-

level effects of multiple genetic perturbations in tens of thousands of individual cells in a single 

experiment. These technologies offer great opportunities, but also challenges for effective data 

analysis. We presented GSFA to address these challenges. GSFA can identify biologically 

interpretable gene modules that respond to genetic perturbations, and by summarizing the 

information from all factors, GSFA can infer the effects of perturbations on specific downstream 

genes. When applied to two CROP-seq datasets, GSFA detected transcriptomic effects and shed 

light on the molecular mechanisms of regulators of T cell activation and neuronal differentiation, 

respectively.  

GSFA is built on factor analysis, which we believe offers key benefits over clustering-based 

analysis of single-cell screening data[144], [145]. Clustering-based analysis requires the effects of 

perturbations to be large enough to alter cluster compositions; thus, it may miss perturbations with 

moderate effects. In contrast, factor analysis does not rely on disjoint cell clusters and can 

potentially detect subtler effects, e.g. those of non-coding regulatory elements. In addition, as we 

have demonstrated, the inferred factors lead to better biological interpretability than cell clusters. 
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Conceptually, a researcher can perform factor analysis or related methods such as topic modeling 

on the expression data, and then correlate the inferred factors with genetic perturbations across 

cells. This approach was used in the MUSIC method[146]. Compared with this two-step approach, 

GSFA has several advantages. When inferring expression factors, GSFA uses the genetic 

perturbation as a prior to improve the estimation of the factors (hence “guided” in the method 

name). In practice, GSFA offers an important advantage when a perturbation affects multiple 

factors. For example, in the LUHMES data, target genes often show associations with two or more 

factors (Fig. 3.9a), which may have overlapping functions (Fig. 3.9d). Thus, a perturbation may 

have positive effects on some factors, and negative effects on others. Similarly, some factors may 

correlate positively with the biological process they represent, e.g. cell maturation, while others 

correlate negatively. In such cases, it would be extremely difficult to learn the total effects of the 

perturbation. GSFA solves this problem by synthesizing the effects of a perturbation over all 

factors. 

In GSFA, factors are dependent on the genetic perturbations via a linear model. In this sense, 

GSFA is related to a class of factor models in the statistics literature, sometimes called supervised 

factor analysis, where the factors depend on covariates of samples[147]–[149]. These models can 

help improve the estimation of latent factors, and have been proposed in bulk gene expression data 

analysis[150] where samples have different characteristics or experimental conditions. 

Nevertheless, existing covariate-dependent factor models were designed only for factor inference, 

and do not provide estimates of the effects of covariates (perturbations in our case) for specific 

genes, i.e., they cannot estimate perturbation effects for single-cell CRISPR screening data. 

GSFA is a versatile tool for single-cell screening data analysis and can be potentially used in 

other settings. As demonstrated in our study of CD8+ T cell data, GSFA can be used in datasets 
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with multiple cell types or treatment conditions, and estimate the perturbation effects for each cell 

group separately. Secondly, while both applications used the low multiplicity of infection (MOI) 

setting, with each cell typically harboring at most one gRNA perturbation, GSFA’s linear model 

of how factors depend on genetic perturbations easily accommodates multiple perturbations per 

cell, and thus can be readily applied to high MOI settings. Thirdly, the implementation of GSFA 

in Rcpp makes it relatively efficient, and its distribution in the form of an R package makes it 

accessible and easily incorporated into common data analysis of single-cell RNA-seq in R.  

In principle, the generality of the statistical model of GSFA makes it applicable to bulk RNA-

seq studies with paired genetic perturbations. This has been demonstrated in its application on 

GTEx expression data with paired genotype measurements, but with insignificant results. This 

could be due to several reasons. Because GTEx bulk tissue RNA-seq data is a collective 

measurement over multiple cell types, this may have complicated the original modular patterns in 

the expression data, thus limiting the detection of sparse gene modules. In addition, since genetic 

variants tend to have cell-type-specific effects, any association of them with inferred gene modules 

would be even harder to detect. All of these highlight the advantages of single-cell RNA-seq in 

studying genetic effects. 

GSFA can be further improved along several directions. GSFA does not directly model read 

counts and instead uses deviance residuals converted from count data. While this transformation 

generally works well in our analysis, we noticed that LFSRs from differential expression analysis 

can be modestly inflated at high factor density (Fig. 3.3b, under 𝜋 = 0.2). Hence, directly modeling 

the read count data may improve the calibration and power of GSFA. Another limitation of GSFA 

is that we assume genetic perturbations affect downstream genes through factors. It is possible that 

the factors may not fully capture the transcriptional effects; thus, it may be desirable to add to the 
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model “direct effect'' terms, where perturbations directly affect the expression of a gene without 

acting on any factors. Finally, GSFA uses Gibbs sampling for inference; replacing this with a more 

efficient algorithm, such as variational approximation, may reduce the computational time.  

In conclusion, single cell CRISPR-screening is a promising technology, yet the difficulty of 

data analysis has prevented us from realizing its full potential. GSFA complements the strength of 

this technology by offering a powerful new analysis framework, representing a substantial advance 

of the field. 
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CHAPTER 4: CONCLUSION 

The work in this dissertation evolves around an overarching goal: the development and 

integration of computational frameworks to understand the regulatory effects of genetic variants, 

thereby aiding the genetic discovery of diseases. 

In Chapter 1, I developed a preliminary computational framework to infer gene regulatory 

networks from matching chromatin accessibility and gene expression data. Using ATAC-seq data 

of iPSC and derived neuronal cell types, I mapped open chromatin regions that indicate cis-

regulatory elements (CREs), and inferred transcription factor (TF) binding in CREs through TF 

footprint calling. Using matched RNA-seq data, I further identified CREs with accessibility levels 

associated with putative target gene expression, forming a connection from TFs and CREs to their 

regulatory gene target. I inferred such regulatory networks for 85 high-confidence autism risk 

genes within our neurodevelopmental model, identifying 849 enhancer regions with regulatory 

potential on their expression levels. These enhancer regions, at the meantime, are enriched for 

predicted binding sites of important TFs involved in neural development or differentiation. Hence, 

we have prioritized non-coding regions that likely regulate ASD risk genes during brain 

development, providing mechanistic insights that are potentially useful for the interpretation of 

genetic variants associated with ASD susceptibility. 

The mapping of enhancers and their target genes has always been a challenge, particularly 

since an enhancer can act independently of its orientation and distance from the transcription 

starting site[30]. Our approach provides an efficient way to link genes to their putative distal 

enhancers genome wide in any system given matched gene expression and accessibility data. 

However, the inferred connections should be treated as preliminary results since our prediction is 

based on simplified assumptions: we approximated enhancer activity using chromatin accessibility, 
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and assumed that functional enhancers have their activity levels correlated with the target gene 

expression in a linear fashion. While enhancer accessibility is somewhat indicative of its activity, 

it can be influenced by other factors such as their TF binding states and TF concentrations. 

Although it is possible to infer the general TF binding states of these CREs, how the composition 

of TFBSs affect gene expression outcome is not well-explored; in addition, a collective of 

enhancers can affect gene expression in non-linear ways such as synergistically or binarily[151]. 

Therefore, experimental follow-ups such as luciferase reporter assay and CRISPR editing are 

warranted to validate the regulatory functions of these identified CREs and their inferred target 

genes.  

With regulatory sequences, or more generally, the open chromatin regions (OCRs) of the 

genome identified, we ultimately hope that they can help us interpret causal disease variants. 

However, since not all variants in OCRs are functional, it remains a challenge to pinpoint the 

causal functional variants for complex traits/diseases such as schizophrenia (SZ). In Chapter 2, we 

provided a novel framework to address this challenge, leveraging allelic-specific open chromatin 

(ASoC) information. We created the first snapshot of ASoC landscape in iPSC and derived neurons. 

We found that a large fraction of ASoC variants are cell-type-specific, with neuronal ASoC 

variants enriched in expression and methylation QTLs in brain and partially driven by alternation 

of TF binding. We also found strong enrichment of SZ GWAS risk variants in these neuronal 

ASoC variants, leveraging which we were able to identify putative causal variants of SZ. Using 

multiplexed single-cell CRISPRi screening followed by independent CRISPR editing, we 

confirmed the functional effects at 6 SZ risk variant loci and identified 9 corresponding cis-target 

genes. Together, this study demonstrated that ASoC data in iPSC-derived neurons provide an 
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effective means to interpret functional effects of genetic variants in the neurodevelopment context, 

and to aid genetic discovery of brain-related traits. 

Although genetic variants associated with neuropsychiatric disorders have been found 

enriched in OCRs identified from postmortem brains, whether these genetic risk variants affect 

chromatin accessibility during neurodevelopment had not been demonstrated.  Our study not only 

provided a useful resource to chase down causal variants, but also generated direct evidence that 

neuropsychiatric risk variants alter chromatin accessibility during neurodevelopment, which is 

likely one of the main mechanisms of these disorders. We envision similar approaches can be 

applied to other biological systems to aid the discovery of causal regulatory variants for other 

complex diseases/traits.  

Our ASoC approach for variant discovery is in the same spirit as chromatin accessibility QTL 

(caQTL) studies. ASoC contrasts the accessibility between two alleles at a heterozygous site within 

the same individual (or in our cases, allelic read counts pooled over heterozygous individuals), so 

the sample size might be limited. caQTL studies, on the other hand, compare the accessibility data 

across individuals, and thus, tend to have higher discovery power. In both cases, careful measures 

are needed when processing and analyzing allelic-specific signals, as they are subject to biases 

such as genotyping errors, imprinting, reference mapping bias, and PCR amplification bias[152]. 

In addition, when data from multiple individuals are utilized, the binomial assumption on allele-

specific read counts may be over-simplified, and more sophisticated statistical methods such as 

RASQUAL[152] are needed to capture the over-dispersion in read counts due to between-

individual variations.  

While alteration of chromatin accessibility is one major mechanism causal variants act 

through, we do realize that the focus on ASoC limits the scope of discovery, as functional variants 
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can also affect downstream phenotypes through post-transcriptional mechanisms such as 

alternative splicing[92] and mRNA modification[153]. These additional functional annotations, 

combined with statistical fine-mapping[60], would further improve the discovery of causal disease 

variants.  

We evaluated the functions of prioritized SZ risk SNPs and their cis-regulating genes using 

high-throughput single-cell CRISPRi screens. With routine differential expression (DE) analysis 

methods, however, we were only able to detect a limited number of cis-genes for the targeted loci, 

and no trans-effects. One way to boost the detection power is to increase the sample size, i.e., the 

number of cells subject to each genetic perturbation. This can be achieved through either including 

more cells in the experiment, or switching to a high multiplicity of infection (MOI)[23] CRISPR 

setting. Computationally, instead of traditional DE methods where genes are tested one at a time, 

alternative statistical methods that leverage the modular structure in gene expression may be able 

to increase the discovery power of the subtle but often coordinated effects on genes imparted by 

these genetic perturbations. 

In Chapter 3, I developed such a novel statistical framework, GSFA, to effectively analyze 

the transcriptomic effects of genetic perturbation from high-throughput single-cell CRISPR 

screening data. Built upon a factor analysis model, GSFA can extract from gene expression data 

coordinated gene modules (factors) that affected the perturbations. And by synthesizing the effects 

of a perturbation over all factors, GSFA can infer the DE effects on specific downstream genes. 

When applied to two CROP-seq datasets, GSFA identified biologically relevant gene modules, 

and had better power to detect differentially expressed genes than alternative methods, shedding 

light on the molecular mechanisms regulating T cell activation and neuronal differentiation.  
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The idea of leveraging co-regulated gene models has been applied to single-cell CRISPR 

screening data in the form of clustering or dimensional reduction methods followed by association 

of clusters[95], [96] or lower dimensional structures[22], [135], [146] with the perturbation 

condition. In contrast to the cell clusters or dense lower-dimensional components recovered by 

these methods, factors inferred by GSFA are more interpretable thanks to the sparse priors imposed 

on the gene loadings. During the inference, GSFA incorporated the genetic perturbation(s) as a 

prior, which could improve the estimation of the factors when the perturbations have large effects. 

More importantly, GSFA offers an important advantage over these two-step approaches in its 

ability to summarize a total effect of given genetic perturbation on each specific downstream gene 

with ease, especially when the perturbation affects multiple factors with overlapping functions. 

 One major assumption of GSFA is that genetic perturbations affect a broad set of downstream 

genes through factors. Accordingly, GSFA was primarily designed for experimental settings that 

target important regulatory genes, such as transcription factors and signaling proteins, which are 

well-known for having broad effects once perturbed. However, in cases where enhancers or genetic 

variants are targeted and the perturbation effects are relatively small, especially at the 

transcriptome level, we do not expect GSFA to be more advantageous than routine DE methods, 

despite that the problem which originally inspired GSFA involves the targeting of putative 

enhancers. Since GSFA may not capture transcriptional effects that are not mediated through 

factors, it may be desirable to add to the model a “direct effect'' term, where perturbations directly 

affect the expression of a gene without acting on any factors. Another limitation of GSFA is, it 

operates on normalized expression data rather than directly modeling the count data. In the study, 

we used deviance residual transformation as a preprocessing step to remove technical factors. 
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While this transformation has proven to work well for single-cell UMI count data[26], directly 

modeling the count data may improve the calibration and power of GSFA. 

High-throughput single-cell CRISPR screens such as CROP-seq[22], Perturb-seq[20], [21], 

MOSAIC-seq[154] etc., are among the most promising technologies to identify functional CREs 

and their gene targets across the genome. However, careful measures are needed to calibrate DE 

tests and validate the results, especially since single-cell CRISPR screen readouts are subject to 

many potential confounding factors. For example, in high MOI experiments, the presence of 

gRNA perturbation in a cell is confounded by technical factors such as sequencing depth and batch 

effect. This can be addressed by modeling gRNA presence in cells based on technical factors 

followed by conditional resampling, as proposed by SCEPTRE[28]. The prevalence of CRISPR 

off-target effects[155] is another challenge that limits the specificity of DE analyses. Therefore, 

gRNA sequences need to be carefully designed to lower the likelihood of off-target cutting[156]; 

it is also beneficial to target the same locus with multiple gRNAs, and use the concordance among 

DE genes of these gRNAs as an estimate of on/off-target effects[157]. For non-coding CRISPR 

screens, it is less well-explored what causes the disruption of enhancer function, and therefore, it 

may be necessary to either introduce larger deletions[158] or more complete tiling[159] for the 

region of interest to increase the effect size of perturbation. 

Similar to what has been demonstrated in Chapter 2, pooled single-cell CRISPR screens can 

aid the discovery of GWAS functional variants, with all loci of putative causal variants obtained 

from statistical fine-mapping being perturbed at scale in their native genomic contexts and their 

effects being directly measured via single-cell transcriptome readout. Different CRISPR 

perturbation methods from CRISPR-Cas9 nuclease cut, CRISPR-Cas9 interference (CRISPRi), to 

CRISPR-Cas9 activation (CRISPRa)[16] offer a variety of venues to derive novel regulatory 
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insights. While powerful, single-cell CRISPR screens, especially those targeting non-coding 

sequences, still suffer from experimental and computational challenges as discussed above. 

Therefore, the discoveries of enhancers and their target genes need to be evaluated together with 

orthogonal evidence such as expression QTL, ChIP-seq, and promoter capture Hi-C data. 

Besides transcriptome readout, single-cell CRISPR genetic screens can also be used to detect 

perturbation effects on chromatin state. Spear-ATAC[160] and CRISPR-sciATAC[161], recent 

protocols that combine multiplexed CRISPR with ATAC-seq in single cells in a high-throughput 

manner, can directly link genetic perturbations at key TFs or chromatin remodelers to genome-

wide chromatin accessibility changes. It is also possible to characterize the effect of genetic 

perturbation on phenotypes downstream of gene expression with CRISPR screens. For example, 

ECCITE-seq[162] can interrogate the changes in expression of surface protein markers in addition 

to the transcriptome of each single cell. Since the measurement of proteins have low dropout, the 

additional information can help confirm or even improve the discovery of differentially expression 

phenotypes responding to the perturbation, especially in immune cells[162]. 

Taken together, advances in both experimental technologies and computational methods have 

greatly improved our ability to understand the effects of genetic variants and their link to disease 

phenotypes. From mapping of genome-wide regulatory features to prioritization of GWAS disease 

variants using statistical fine-mapping, and from functional validation of these prioritized risk loci 

using high-throughput CRIPSR screens to statistical analyses for dimensionality reduction and 

differential expression tests, key genetic variants for complex diseases and their effects on 

downstream molecular phenotypes are gradually unraveled. I look forward to a future where more 

and more causal genetic variants and their disease-causing mechanisms come into light. 
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